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LPAC: Learnable Perception-Action-Communication
Loops with Applications to Coverage Control

Saurav Agarwal, Ramya Muthukrishnan, Walker Gosrich, Vijay Kumar, and Alejandro Ribeiro

Abstract—Coverage control is the problem of navigating a
robot swarm to collaboratively monitor features or a phe-
nomenon of interest not known a priori. The problem is chal-
lenging in decentralized settings with robots that have limited
communication and sensing capabilities. We propose a learn-
able Perception-Action-Communication (LPAC) architecture for
the problem, wherein a convolutional neural network (CNN)
processes localized perception; a graph neural network (GNN)
facilitates robot communications; finally, a shallow multi-layer
perceptron (MLP) computes robot actions. The GNN enables
collaboration in the robot swarm by computing what information
to communicate with nearby robots and how to incorporate
received information. Evaluations show that the LPAC models—
trained using imitation learning—outperform standard decen-
tralized and centralized coverage control algorithms. The learned
policy generalizes to environments different from the training
dataset, transfers to larger environments with more robots, and
is robust to noisy position estimates. The results indicate the
suitability of LPAC architectures for decentralized navigation in
robot swarms to achieve collaborative behavior.

Index Terms—Graph Neural Networks, Coverage Control,
Distributed Robot Systems, Swarm Robotics, Deep Learning
Methods

I. INTRODUCTION

AVIGATING a swarm of robots through an environment
to achieve a common collaborative goal is a challenging
problem, especially when the sensing and communication
capabilities of the robots are limited. These problems require
systems with high-fidelity algorithms comprising three key
capabilities: perception, action, and communication, which
are executed in a feedback loop, i.e., the Perception-Action-
Communication (PAC) loop. To seamlessly scale the deploy-
ment of such systems across vast environments with large
robot swarms, it is imperative to consider a decentralized
system wherein each robot autonomously makes decisions,
drawing upon its own observations and information received
from neighboring robots.
However, designing a navigation algorithm for a decentral-
ized system is challenging. The robots perform perception and
action independently, while the communication module is the
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only component that can facilitate robot collaboration. Under
limited communication capabilities, the robots must decide
what information to communicate to their neighbors and how
to use the received information to take appropriate actions.
This article studies the coverage control problem [1], [2] as
a canonical problem for the decentralized navigation of robot
swarms. We propose a learnable PAC (LPAC) architecture that
can learn to process sensor observations, communicate relevant
information, and take appropriate actions.

Coverage control is the problem of collaboration in a robot
swarm to provide optimal sensor coverage to a set of features
or a phenomenon of interest in an environment [2]. The
relative importance of the features is modeled as an underlying
scalar field known as the importance density field (IDF) [3].
Coverage control with unknown features of interest has ap-
plications in various domains, including search and rescue,
surveillance [4], and target tracking [5]. Consider a critical
search and rescue scenario where a robot swarm assists and
monitors survivors in a disaster area. A simple solution could
be to distribute the robots in a manner that keeps them further
away from each other and covers the entire environment.
However, if one or more survivors are detected, it is desirable
to have a robot close to each survivor to provide vigilance,
which is not captured by this simple solution. The fundamental
question, then, is how the robots should collaborate to cover
the environment efficiently while accounting for the features of
interest, i.e., the survivors in this example. Similarly, coverage
control can be used to monitor a continuous phenomenon of
interest, such as a wildfire or soil moisture.

This article considers a decentralized multi-robot system
with limited communication and sensing capabilities. Fur-
thermore, the environment is not known a priori, and the
robots use their sensors to make localized observations of the
IDF in the environment. Decentralized algorithms based on
centroidal Voronoi tessellation (CVT), e.g., Lloyd’s method,
have been developed for robots with limited communication
capabilities [2], [6]. However, in the absence of any prior
knowledge of the IDF, such algorithms exhibit poor perfor-
mance compared to their centralized counterpart. The primary
reason for this is that the robots communicate only the relative
positions to their neighbors, which does not directly capture
the observations of the robots. In contrast, communicating the
entire observation of a robot to its neighbors scales poorly with
team size, observation size, and time. The LPAC architecture
proposed in this article addresses this issue by learning an
abstract representation of the observations and communicating
the relevant information to nearby robots.

The primary contribution of the article is a learnable
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Fig. 1. The proposed learnable Perception-Action-Communication (LPAC) architecture for decentralized navigation of robot swarms: (1) In the perception

module, a convolutional neural network (CNN) processes maps representing localized observations and generates an abstract representation. (2) In the
communication module, a graph neural network (GNN) performs computations on the output of the perception module and the messages received from
neighboring robots. It generates a fixed-size message to share with nearby robots and aggregates the received information to generate a feature vector for the
action module of the robot. (3) In the action module, a shallow multilayer perceptron (MLP) computes the control actions for the robot based on the output
generated by the GNN. The three modules are executed on each robot independently, with the GNN in the communication module facilitating collaboration

between robots.

Perception-Action-Communication (LPAC) architecture for
the decentralized coverage control problem (Fig. 1). The
architecture is composed of three different types of neural
networks, one for each module of the PAC system. (1) In
the perception module, a convolutional neural network (CNN)
processes localized IDF observations and generates an ab-
stract representation. (2) In the communication module, a
GNN performs computation on the output of the perception
module and the messages received from neighboring robots.
It generates a fixed-size message to communicate with the
neighbors and aggregates the received information to generate
a feature vector for the action module of the robot. (3) In the
action module, a shallow multilayer perceptron (MLP) predicts
the control actions of the robot based on the feature vector
generated by the GNN.

The LPAC architecture is trained using imitation learning
with a clairvoyant centralized planner, which has access to the
entire IDF and the positions of the robots in the environment.
We extensively evaluate the performance of the architecture
and establish the following: (1) The LPAC architecture can
learn to communicate the relevant information to achieve
performance significantly better than both decentralized and
centralized CVT-based algorithms. (2) The learned policy
generalizes to a wide range of features and sizes of the
robot swarm. (3) The models transfer well to larger envi-
ronments with bigger robot swarms without any degradation
in performance. (4) The policy is robust to noisy position
estimates. (5) The model performs well on a real-world traffic
light dataset without further training or fine-tuning. These
results indicate that the LPAC architecture, with a GNN as
a collaboration unit, is a promising learning-based approach
for the decentralized navigation of robot swarms.

The rest of the article is organized as follows. Section II dis-
cusses the related work focusing on the graph neural networks
for robot navigation and the coverage control problem. The
problem statement, in Section III, formalizes the decentralized
navigation of robot swarms and the coverage control problem.
The LPAC architecture is presented in Section IV. The envi-

ronment setup, dataset generation, and imitation learning are
discussed in Section V. Extensive simulation results are pre-
sented in Section VI. Finally, Section VII provides concluding
remarks and discusses future work.

II. RELATED WORK

Algorithms for the navigation of robots, a fundamental
problem in multi-robot systems, often need to execute a PAC
loop to achieve a collective goal. The perception module is
responsible for acquiring localized sensor observations and
processing them to generate a representation of the envi-
ronment. Deep learning, in particular convolutional neural
networks (CNNs), has been successfully used for processing
sensor observations for tasks such as mapping [7], place
recognition [8], and visual odometry [9]. However, designing a
navigation algorithm for a decentralized system is challenging
as the robots perform perception and action independently,
while the communication module is the only component
that can facilitate robot collaboration. Graph neural networks
(GNN5s) have been shown to be effective in learning decentral-
ized controllers for multi-robot systems. We focus the related
work on (i) GNNs for navigation of multi-robot systems and
(ii) the coverage control problem as a canonical example of a
decentralized navigation problem.

A. Graph Neural Networks for Navigation Problems

The main challenge in decentralized navigation problems
with robots that have limited sensing and communication ca-
pabilities is to design a function that computes the information
to be communicated to neighboring robots and a policy that
can incorporate the received information with the local obser-
vations to make decisions. Graph neural networks (GNNs) [10]
are particularly suitable for this task as they can operate on
a communication graph—the graph imposed by the commu-
nication topology of the robots—and can learn to aggregate
information from neighboring robots to make decisions [11],
[12]. Furthermore, GNNs exhibit several desirable properties
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for decentralized systems [13]: (i) transferability to new graph
topologies not seen in the training set, (ii) scalability to large
teams of robots, and (iii) stability to graph deformations.

Tolstaya et al. [11] established the use of GNNs for learning
decentralized controllers for robot swarms and demonstrated
their effectiveness in the flocking problem. They use aggrega-
tion GNNs, along with aggregated messages, as the primary
architecture for learning a controller that can exploit informa-
tion from distant robots using only local communications with
neighboring robots. Gama et al. [14] proposed a framework for
synthesizing GNN-based decentralized controllers using imi-
tation learning. They illustrate the potential of the framework
by learning decentralized controllers for the flocking and path
planning problems. Building on these results, we use GNNs in
the LPAC architecture as the primary module for collaboration
in the coverage control problem.

GNNs have been demonstrated to be effective in several
multi-robot tasks including flocking [11], [15], [14], [16],
path planning [17], [18], target tracking [19], perimeter de-
fense [20], and information acquisition [21]. Gosrich et al. [3]
recently demonstrated the use of GNNs for the coverage
control problem with robots that have limited sensing but
assumed full communication capabilities. A common theme
in these works is the use of imitation learning to train the
GNNs. Most works use carefully hand-crafted features as the
input to the GNNSs [3], [11], [14], [12], [18], which, in general,
can be challenging to design for complex tasks.

Similar to our work, Li et al. [17] and Hu et al. [16] use
CNNs in conjunction with GNNs for path planning and flock-
ing problems, respectively. In [17], CNNs are used to process
a local map maintained individually by each robot using the
local observations, while in [16], the processing is done on raw
images in simulated environments. Using raw images is not
always desirable, as a CNN trained in a simulated environment
may not generalize to real-world environments. Furthermore,
raw images capture the current state of the environment but not
the history of the environment. Since it is common to maintain
a local map in navigation problems, using a CNN to process
local maps [17] is more generalizable and can be applied to
different hardware platforms and sensors.

Recently, ROS-based frameworks have been developed for
testing and deploying decentralized GNN-based policies [22],
[23]. While Blumenkamp et al. [22] focus on GNNs and dif-
ferent types of network setups, Agarwal et al. [23] generalize
to asynchronous and decentralized implementation of LPAC
architectures. Despite several important applications of GNNs
in multi-robot systems, detailed study of the transferability,
generalizability, and robustness properties of GNN-based ar-
chitectures has been limited, especially when combined with
a CNN. In this article, we study these properties of the LPAC
architecture in the context of the coverage control problem.

B. Multi-Agent Reinforcement Learning (MARL)

A joint space representation does not scale well with a large
number of robots and makes it challenging to train and deploy
deep neural network policies. Foerster et al. [24] provided an
RL framework to explicitly learn communication protocols.

The approach uses Q-learning with the help of lookup tables,
and is demonstrated on switch riddle and MNIST games.
Gomez et al. [25] provided an MARL framework for multi-
robot systems where they learn to decide on which agents
to communicate with. The framework is integrated with non-
linear model predictive control to solve collision avoidance.
Although the robots have independent trajectories, the system
assumes that the robots have complete observation of the
positions and velocities of all other robots. MARL has also
been used for coverage control [26] using multi-agent deep
deterministic policy gradient. However, they assume positions
of all robots are known to each agent, do not perform explicit
communication, and are limited to 10 x 10 environments. In
these MARL works, there has been a lack of extensive study
on the scalability of the policies to a large number of agents.

The theoretical properties of GNNs on transferability, scala-
bility and stability render them more suitable for decentralized
systems than the MARL framework. Furthermore, imitation
learning often helps in converging to a good policy faster than
exploring a large action space in the reinforcement learning
framework. An interesting approach would be to use imitation
learning for an initial policy and then fine-tune using RL
frameworks to improve performance.

C. Coverage Control in Multi-Robot Systems

The coverage control problem is a well-studied problem in
multi-robot systems and is often used as a benchmark problem
for evaluating decentralized controllers. The problem is closely
related to the sensor coverage problem [27] and the facility
location problem [28]. Cortés et al. [2] were the first to propose
decentralized control algorithms for the problem with robots
that have limited sensing and communication capabilities. The
algorithms iteratively use the centroidal Voronoi tessellation
(CVT) [6], [29] of the environment to assign each robot to a
region of dominance and perform gradient descent on a cost
function to converge to a local minimum. The algorithms are
based on the Lloyd algorithm [30] from quantization theory.

Several standard approaches build upon the work of Cortés
et al. [1], [2] and use CVT-based algorithms for the cov-
erage problem. Different sensor models have been used in
the literature, e.g., limited sensor radius identical among all
agents [2], [31], heterogeneous sensing capabilities [32], and
heterogeneous disk sector shaped sensor models [33], [34].
This article considers robots with a limited sensor radius
identical to all robots. Sensor models with a footprint in the
shape of a disk sector need to include the orientation of the
sensor in the state space. Although we do not consider such a
model, the LPAC architecture can be extended to include the
sensor orientation.

Similar to most of the work in the literature, we assume that
the robots have sensors or processing capabilities to obtain
the IDF in the sensor field of view. However, IDF estimation
techniques based on consensus learning [35] and using Gaus-
sian processes [36], [37] have been studied. Including such
techniques in the LPAC architecture is an interesting direction
for extending the work.

Incorporating explicit exploration strategies can improve the
performance of coverage control algorithms at the cost of addi-
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tional time spent strategically exploring the environment [38],
[39]. Exploration and coverage are opposing objectives, and
the trade-off between the two objectives is a challenging
problem. A dual LPAC architecture that can switch between
exploration and coverage modes may be a promising direction
for this problem. Other works have considered time-varying
density fields [40], [41] for which incorporating an attention-
based architecture [42] in the LPAC architecture may be
beneficial. In this article, we restrict to the standard coverage
control problem with no explicit exploration and a static
density field.

Coverage control has been used in real-world applica-
tions such as monitoring of algae blooms [43], agricultural
fields [44], indoor environments [45], surveillance [4], and
target tracking [5]. In this work, we evaluate the LPAC
architecture in coverage control of semantic-derived real-
world data; we use traffic signal data from 50 cities in the
United States to model the importance density field of the
environment. The wide range of applications of coverage
control has been the primary motivation for the development
of decentralized controllers for the problem. Hence, we use the
coverage control problem to evaluate the LPAC architecture.

III. PROBLEM STATEMENT

The multi-robot coverage control problem belongs to the
class of navigation control problems. A general navigation
control problem is defined on a d-dimensional environment
W C RY We are given a homogeneous team of N robots
V = {1,...,N} with x;(t) € R% representing the state
of robot ¢ at time t. Along with the position of the robot,
the state can also include other information such as velocity,
acceleration, and sensor observations. Similarly, the control
input for robot i at time t is denoted by u;(t) € R% in a
d,-dimensional control space. The collective state and control
for the entire system can be represented as:

x1(t) uy (¢)

xa(t) Nxd st Nxd
(t)= : eRY %= U®R) = : € RV X%,

_— an (#)

Assuming a static environment, given a state X(¢) and a
control U(t), the state of the system evolves according to the
following Markov model P for time step At:

X(t+ At) = P(X | X(1), U(t)).

In a centralized setting, the navigation control problem is
posed as an optimization problem with a cost function
J(X(t),U(t)). Its goal is to find a centralized control policy
IT% that minimizes the expected cost [14]:

T

I} = argminE lz VT (X (t), U(t))] .
e t=0

Here, the control actions are drawn from the policy as U(t) =

II.(U | X(t)). The discount factor is given by v € [0,1),

and T is the total time for which the policy is executed. A

centralized policy requires complete knowledge of the state of

the system X(t), and all robots need to communicate with the
central controller, resulting in a bottleneck in the system. The
computation of the control actions is also centralized, which
can be computationally expensive and does not scale well with
a large number of robots. Furthermore, a central controller is
not robust because of a single point of failure. This motivates
us to study the decentralized navigation control problem.

A. Decentralized Navigation Control

In a decentralized setting, each robot computes its own
control action based on its own state and the states of
nearby robots. The robots can only communicate with other
robots that are within a limited communication radius r.. The
problem can now be formulated on a communication graph
G = (V,€), where V is the set of vertices representing the
robots and £ is the set of edges representing the commu-
nication topology. An edge (i,j) € & exists if and only if
robots ¢ and j can communicate with each other, i.e., when
lpi(t)—p;(t)|| < re. The communication graph is assumed to
be undirected, i.e., (i,j) € £ <= (j,i) € £. The neighbors
of robot ¢ are the robots that it can communicate with and are
denoted by N(¢) = {j | (1,7) € £}.

Let X;(t) be the total information acquired by robot 4
through its own observations and through communication with
its neighbors. In general, a robot may communicate an abstract
representation of its state to its neighbors, i.e., X;(t) need not
be a simple aggregation of the states. A decentralized policy
leverages only this locally available information, X;(¢). Unlike
the centralized policy, the decentralized policy is executed by
each robot independently and does not require communication
with a central controller, thereby mitigating the issues of
robustness and scalability.

B. Coverage Control Problem

The coverage control problem is a navigation control prob-
lem where the goal is to provide sensor coverage based on the
importance of information at each point in the environment.
An importance density field (IDF) ® : YW — Ry is defined
over a 2-D environment W C R2. The IDF represents a
non-negative measure of importance at each point in the
environment. With the state of a robot ¢ given by its position
P: € VWV in the environment, the control actions given by the
velocity p;(t), and At as the time step, we use the following
model for the state evolution:

pi(t + At) = pi(t) + pi(t)At. (1

The cost function for the coverage control problem is
defined as:

Here, f is a non-decreasing function, and a common choice is
f(x) = 22 as it is a smooth function and is easy to optimize.
We drop the time index ¢ here and in the rest of the article
for convenience.

Assuming that no two robots can occupy the same point
in the environment, the Voronoi partition [46] can be used

ngig f(lpi — all)®(q) dq. (2)
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to assign each robot a distinct portion of the environment to
cover. The Voronoi partition P is defined as:

P:{H|Z€V}a
Pi={aeW||pi—d| <|p; —ql,¥j €V}

All points in P; are closer to robot ¢ than any other robot.
The cost function (2) can now be expressed in terms of the
Voronoi partition as:

where

3)

N

gx =/

i=179q€Pki

f(lp: — dl|)®(q) dq. 4)

The cost function (4) is a sum of integrals over disjoint regions
and is much easier to compute and optimize than the original
function (2). Furthermore, if the Voronoi partition is known,
the cost function can be computed in a decentralized manner,
as each robot only needs to compute the integral over its own
region P;.

We can now define the coverage control problem in the
context of the navigation control problem: Find a decentralized
control policy IT that minimizes the expected cost J(X) (4).
The policy II is defined over a space of all possible velocities,
and each robot independently executes the same policy.

Fig. 2 shows a near-optimal solution, along with Voronoi
partition, to an instance of the coverage control problem with
32 robots and 32 features in a 1024 m x 1024 m environment.

In this article, we consider the decentralized coverage con-
trol problem with the following restrictions: (R1) At any time,
each robot can make localized observations of the IDF within
a sensor field of view (FoV). (R2) The IDF & is static and
is not known a priori. (R3) Each robot can maintain only its
own localized observations of the IDF aggregated over time.
(R4) The robots can only communicate with other robots that
are within a limited communication radius.

Additionally, our simulation environment assumes, without
loss of generality: (R5) The boundary of the environment
is convex to allow the use of centroidal Voronoi tessella-
tion (CVT) for imitation learning and evaluation. This can
be relaxed by using coverage control algorithms for non-
convex environments [47]. (R6) The IDFs are generated using
standard random 2D Gaussian functions truncated at 20 (see
Section V-B). This is representative of applications where the
importance of information is localized around certain points
in the environment and is reduced with distance from these
points. However, the overall approach is general and can
potentially be applied to other types of IDFs.

In such a setting, a coverage control algorithm needs to
provide the following based on the state of robot ¢ and the
information received from its neighbors N (i):

1) A function 7 that computes the information, in the
form of messages, to be communicated by robot i to
its neighbors, and

2) A common policy II that computes the control action
u; = p; for any robot i € V.

Designing such decentralized algorithms is challenging and
can be intractable for complex systems [48]. This motivates
us to use a learning-based approach to design a decentralized
coverage control algorithm. As we will see in Section IV, the
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Fig. 2. A near-optimal solution to the coverage control problem: A team of
32 robots is deployed in an environment of size 1024 m x 1024 m. There are
32 features represented as Gaussians to represent the importance density field
(IDF). Robots position themselves to provide sensor coverage to the features
of interest. The green lines represent the Voronoi partition of the environment
with respect to the robot positions. A robot is closer to all points in its Voronoi
region than any other robot.

LPAC architecture with GNN addresses the above challenges
and provides a scalable and robust solution to the problem.

Remark. Let A; C W denote the current sensor FoV. Then,
the cost function can be formulated such that only the current
observation is considered, following [1], [2], [3], [31]:

N

ﬂm:Z/

i=1 q€e(P;NA;)

fllpi —dal)®(a)da.  (5)

Alternatively, under the restrictions of a static IDF (R2) and
each robot maintaining its own observations (R3), the cost
function can be stated in terms of the observed workspace,
W, CW:

J@—iA

However, the above cost functions ignore the underlying IDF,
which hasn’t been completely observed. Although the robots
have access to only the observed IDF, they can still learn to
provide more efficient coverage by exploiting its underlying
structure. Hence, we evaluate the proposed LPAC architecture
on the entire IDF, as given by (4). As discussed in Section V-A,
we use a clairvoyant algorithm that has knowledge of the entire
IDF for imitation learning, and in Section VI, the evaluations
show that the LPAC architecture performs significantly better
than CVT algorithms in terms of the global cost function (4).

f(lp: —dl)®(q)dq.  (6)
G(PiﬁWD)

IV. LEARNABLE PAC ARCHITECTURE

We propose a learnable Perception-Action-Communication
(LPAC) architecture with a Graph Neural Network (GNN) for
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Fig. 3. The four channels of the CNN input image in the perception module. All channels are ego-centric to the robot and are of size 32x32. The first
channel (a) represents the IDF observed by the robot in its local vicinity. The second channel (b) represents the boundary of the environment. It has non-zero
values only when the robot is close to the boundary. The third (c) and fourth (d) channels represent the positions of the neighbors of the robot. For each
neighbor, the pixels in the channels corresponding to the relative position of the neighbor have non-zero values. The channel (c) represents the x-coordinates
of the neighbors, and the other channel (d) represents the y-coordinates, both normalized by the communication range.

the coverage control problem. The three modules of the LPAC
architecture are executed on each robot in a decentralized
manner. The input to the architecture is the local IDF observed
by the robot, and the output is the velocity control actions for
the robot. The collaboration in the robot swarm is achieved
using the communication module, which is responsible for
exchanging information between robots. The following sub-
sections describe the three modules of the LPAC architecture
for the coverage control problem in detail.

A. Perception Module

The perception module is composed of a convolutional
neural network (CNN) that takes a four-channel image as input
and generates a 32-dimensional feature vector. The channels
are grids of pre-defined size (32 x 32) and are centered around
the current position of the robot. The first and the second chan-
nels are local representations of the importance and boundary
maps, respectively. The other two channels, neighbor maps,
encode the relative positions of the neighboring robots. Fig. 3
shows an example of the four-channel image, which forms the
input to the CNN.

The perception module is responsible for processing data
acquired by robot sensors with a limited field of view. We
maintain an importance map to represent the IDF sensed by
the robot. Each pixel in the importance map is assigned an
importance value if it has been sensed by the robot and is
assigned a value of O otherwise. The first channel of the input
image is generated by extracting a local map of a pre-defined
size (256 x 256) from the importance map centered around the
current position of the robot and, thereafter, downsampling it
to the size of the channel (32 x 32) using bilinear interpolation.

The perception module also maintains a boundary map to
represent the boundaries of the environment. Regions outside
the environment boundaries are assigned a value of 1, and
regions inside the environment boundaries are assigned a value
of 0. The boundary map is used so that the policy can learn
to avoid collisions with the environment boundaries. Similar
to the importance map, the boundary map represents a local
region of a predefined size (256 x 256) centered at the current

position of the robot. This map is also downsampled to the
size of the channel (32 x 32) using bilinear interpolation. In
general, an obstacle map, similar to the boundary map, can
be maintained to represent the obstacles in the environment.
Such a map can be generated using SLAM or other obstacle
detection techniques.

The other two channels, neighbor maps, encode the relative
positions of the neighboring robots. These relative positions
can be obtained by the sensors on the robot or by exchanging
information with the neighboring robots using the communica-
tion module. The resolution of the channel is set to the ratio of
the communication range and the size of the channel. A pixel,
subject to the resolution constraint, is assigned a value if a
neighboring robot is present in the corresponding region and is
assigned a value of 0 otherwise. A large communication range
relative to the channel size makes the resolution very coarse,
which, in turn, results in a loss of accuracy of the relative
positions of neighboring robots. To mitigate this issue, we
have two channels for the neighbor maps; one channel encodes
the relative x coordinate, while the other is for the relative
y coordinate. We normalize the relative coordinates by the
communication range. If two or more neighboring robots are
present in the same region of a pixel, the pixel is assigned the
sum of the normalized relative coordinates of the neighboring
robots. The neighbor maps are designed in this way to ensure
that they are permutation invariant, i.e., the relative positions
of the neighboring robots are independent of the order in which
they are encoded in the map.

These four channels are concatenated to form the input to
the CNN. The CNN is composed of three sequences of a
convolutional layer followed by batch normalization [49] and
a leaky ReLU pointwise nonlinearity. The convolution layers
have a kernel size of 3 x 3 and a stride of one with zero
padding and generate 32 output channels. The output of the
last sequence is flattened and passed through a linear layer with
a leaky ReLU activation to generate a 32-dimensional feature
vector. The feature vector is then sent to the communication
module for further processing.
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B. Communication with Graph Neural Networks

The communication module is responsible for exchanging
information between robots and enabling collaboration in
the robot swarm. The main component of the module is a
GNN, which is a layered information processing architecture
that operates on graphs and makes inferences by diffusing
information across the graph. In the LPAC architecture, the
graph for GNN is defined by the communication graph of the
robot swarm. The vertices V' of the graph correspond to the
robots, and the edges £ represent the communication links
between the robots, as discussed in Section III-A.

X =Xp
Y
K
Z; = X (S)*XoHiy > X1 = o(Z1)
k=0
Layer 1
Y
K
Zy = 3 (S)"X1Hag > X2 = o(Z2)
k=0
Layer 2
Y
K
Z3 = Y (S)"XoHsy > X3 = o(Zs)
k=0

l Layer 3

X3 = U(X;S,H)

Fig. 4. An example of the GNN architecture used in the communication
module. The architecture is composed of L = 3 layers of graph convolution
filters (red boxes) followed by pointwise nonlinearities (blue boxes).

Our GNN architecture is a layered composition of L graph
convolution filters [13] with ReLU as the pointwise non-
linearity, as shown in Fig. 4. Each graph convolution filter
is parameterized by K hops of message diffusion and is a
polynomial function of the shift operator S € RV>*N  which
is a matrix representation of the communication graph for NV
robots. The elements [S];; can be non-zero only if (i, j) € £.
There are many ways to define the shift operator S, such as
the adjacency matrix, the Laplacian matrix, or the normalized
Laplacian matrix of the communication graph. In our models,
we use the normalized adjacency matrix as the shift operator,
which is defined as:

S =D 2AD" /2 (7

Here, A is the adjacency matrix, and D is the diagonal degree
matrix.

The input to the GNN is a collection of features Xy €
RN *do  where each row x; is the output of the perception
module, augmented with the position of the robot normalized

by the environment size, for robot ¢ € V and dy is the
dimension of the feature vector. Let the dimension of layer [
be d;, then the learning weight parameters of the GNN are
given by:

Hj, € Rie-vXd vyl e {1... L}, Vke{0,--- ,K} (8)

The output Z; of the convolution layer is a polynomial function
of the shift operator S and is processed by the pointwise
nonlinearity to generate the input to the next layer:

K

Z, = Z(S)kxllelka X, = 0(Zy). 9)
k=0

Here, we set (S)° as the identity matrix of size N x N. The
final output of the GNN is X, and the architecture is denoted
by ¥(X;S,H). In our models, we use L = 5 graph convolu-
tion layers with dy = 34 and d; = 256, Vi € {1,--- ,L}.

Distributed Implementation: The GNN architecture inher-
ently allows a distributed implementation of the communica-
tion module. To see this, consider the computation Y, =
(S)*X;_1, where X;_; is the input to the I-th layer of
the GNN. The computation can be written recursively as
Y = SY-1), with Y, = X;_;. For a robot i, the
corresponding vector in Y is given by:

(e = [Yuli = D si(y)ur—1)»
JEN(3)

(10)

where N(i) is the set of neighbors of robot ¢. The above
equation uses the fact that the shift operator S is a ma-
trix representation of the communication graph, and hence,
si; = [S]i; is non-zero only if (¢,j) € &£ or equivalently,
j € N(i). The equation also precisely defines the information
to be exchanged between neighboring robots. Note that the
computation of (y;); requires (y;)yx—1) for all j € N(i).
The information sent by the robot 7, also known as aggregated
message [11], is then a collection of vectors Y;:

(1)
The output of the graph convolution filter for robot i is then
given by:
K

(zi)1 = Z(Yi)lkHlk-

k=0

12)

Finally, pointwise nonlinearity is applied to generate the output
(x;); of the I-th layer for robot . The distributed implemen-
tation of the GNN architecture is illustrated in Fig. 5.

In the actual deployment of the architecture, the module
additionally maintains buffers to send and receive information
from the neighboring robots using radio communication. In
general, the communication is asynchronous, i.e., the robots
may receive messages from the neighboring robots at different
time steps. Furthermore, the communication module may also
run concurrently with the perception module, such that the
robots may receive messages from the neighboring robots
while processing the sensor data. We refer the reader to [23]
for a detailed discussion on asynchronous and distributed
implementations of the GNN architecture.
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(yi)io = (x3)1—-1 —»

(zi), = Z(Yi)lkHlk
k=0 > O'((Zi)l) —> (Xi)1
(Y = Z 845 (Y3 )i(k—1)
je{1,2,3}

(a) Communication graph

@ ={(y)w | k€{0,..., K =1}, L€ {1,...,L}}

(b) Graph convolution filter (red box) with pointwise nonlinearity (blue box)

Fig. 5. Distributed implementation of the GNN architecture for a robot 3. (a) The communication graph highlights the neighboring robots, i.e., N'(¢) = {1, 2, 3}.
The robot 4 receives aggregated messages Y; = {(y;)ix},Vj € {1,2,3} from the neighboring robots. (b) For a layer I of the GNN, the output of the
previous layer (x;);—1 and the aggregated messages are processed by the graph convolution filter to generate the output (z;);, which is then processed by
the pointwise nonlinearity to generate the output (x;);. The convolution filter also generates the aggregated message Y; to be sent to the neighboring robots.

C. Action Module

The action module is responsible for generating velocity
control actions for the robot. It uses a shallow multi-layer
perceptron (MLP) with ReLU activations to process the feature
vector generated by the communication module. The MLP has
two layers with 32 output channels each, and the final output
of the MLP is processed by a linear layer to generate the
velocity control actions for the robot. The linear layer has two
output channels corresponding to the x and y components of
the velocity control action; it is used as the final layer of the
MLP to scale the output to the range of the velocity control
action. The velocity control actions are sent to a low-level
controller to generate the actual control commands for the
robot actuators.

The action module may, in general, be composed of ad-
ditional functionalities that modify the velocity actions before
sending them to the low-level controller. For example, depend-
ing on the type of robot, such as a ground robot or a quadrotor,
the velocity commands may need to be modified to account for
the dynamics of the robot. The velocity commands may also
need to be modified to ensure that the robots do not collide
with each other and the boundaries of the environment.

V. ENVIRONMENT AND IMITATION LEARNING

In this section, we discuss the clairvoyant algorithm, based
on the centroidal Voronoi tessellation, used to generate the
dataset for imitation learning of the LPAC architecture. We
also detail baseline algorithms that operate with limited sens-
ing and communication capabilities used to evaluate the per-
formance of the LPAC architecture. Finally, we discuss the
simulation environment and the dataset generation process for
imitation learning.

A. Centroidal Voronoi Tessellation

We now discuss an iterative gradient descent algorithm that
uses the centroidal Voronoi tessellation (CVT) to generate
a robot configuration that provides good coverage of the

environment. The algorithm, also referred to as Lloyd’s al-
gorithm [30], [1], is widely used to solve the coverage control
problem. It relies on computing the Voronoi partition (or
tessellation) of the region with respect to the locations of the
robots. For N robots, the Voronoi partition can be computed
in O(N log N) time using the sweep line algorithm [46], and
efficient implementations [50] are available. We restate the
definition of the Voronoi partition P (Section III):

P={P i€V}
Pi={qeWl|pi—ql <|p; —dall,Vi eV}
Given N robots operating in a workspace WV with a convex
boundary, an observed subset of the workspace W, C W, an
importance density field (IDF) @ : W — R, and a Voronoi

cell P; for robot 7, we can compute the generalized mass,
centroid, and the polar moment of inertia as:

where

mz:/ ®(q) dq,

qe(PiNW,)
1

c; = 7/ q®(q)dq, and (13)
m; q€(P;NW,)

L= [ Ja-cle@da
qe(PimWo)

The objective function (4) for the coverage control problem,
with f(|lp; — all) = |lp; — al|?, can be rewritten as:

TP =3 / Ip: — al®(q) dq
icy qE(PiﬂWo)
(14)
= L+ milpi —cil”
=% =

Taking the partial derivative of the objective function (14)
with respect to the location of the robot ¢, we get:

0J (P)

op;
The partial derivatives vanish at the centroid of the Voronoi
cell, i.e., p; = c;; thus, the centroid of the Voronoi cell is

=2m;(p; — ¢;) (15)
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the local minimum of the objective function (14). Hence, we
can write a control law [1] that drives the robot towards the
centroid of the Voronoi cell as:

u; =p; = —k(pi — ¢i). (16)

Here, k is a positive gain for the control law. The control law
in (16) has nice convergence properties; it is guaranteed to
converge to a local minimum of the objective function [1].

The algorithm can now be expressed as an iteration of the
following steps until convergence or for a maximum number
of iterations:

1) Compute the Voronoi partition P of the region with

respect to the locations of the robots.

2) Compute the mass centroids c; for each Voronoi cell P;.

3) Move each robot towards the centroid of the Voronoi

cell using the control law (16).

We can define different variants of the above algorithm
with the same control law (16), depending on the observed
workspace W, and information available to the robots for
computing the Voronoi partition and the centroids. In this
article, we refer to the algorithms as variants of CVT.

Clairvoyant: The clairvoyant is a centralized algorithm
based on CVT. It has perfect knowledge of the positions of all
the robots at all times. Thus, it can compute the exact Voronoi
partition. It also has complete knowledge of the IDF for the
centroid computation for each Voronoi cell, i.e., W, = W.
Although the algorithm is not optimal, it generally computes
solutions that are very close to the optimal solution.

Centralized CVT (C-CVT): The C-CVT is also a central-
ized algorithm based on CVT. Similar to the clairvoyant algo-
rithm, it knows the positions of all the robots and computes
the exact Voronoi partition. However, unlike the clairvoyant
algorithm, the C-CVT can access a limited IDF. It operates
on the cumulative knowledge of the IDF of all the robots,
sensed up to the current time step, i.e.,

Wo = U chi) c Wa
i€V
where W(Ez) C W is the workspace observed by robot ¢ along
its entire trajectory.

Thus, the amount of information available to the C-CVT is
dependent on the sensor radius of the robots and the trajectory
taken by the robots.

Decentralized CVT (D-CVT): The D-CVT is the decen-
tralized version of the C-CVT algorithm. Here, each robot
uses the positions of neighboring robots, i.e., the robots within
its communication range, to compute the Voronoi partition.
Furthermore, each robot has restricted access to the IDF sensed
by itself up to the current time, ie., W, = W(Sl). Thus, the
D-CVT algorithm uses only the local information available to
each robot to take control actions.

As one can expect from the amount of information available
to each algorithm, the clairvoyant algorithm is the best-
performing algorithm, followed by the C-CVT and the D-
CVT algorithms. The clairvoyant algorithm is used to generate
the dataset for training, and the C-CVT and D-CVT baseline
algorithms are used to evaluate the performance of the LPAC
architecture.

B. Coverage Control Environment

The environment is a 2D grid world of size 1024 x 1024
cells with a resolution of 1 m x 1 m per cell. The environment
is populated with M features of interest that are randomly
placed in the environment. The IDF is generated by defining
a 2-D Gaussian distribution as a probability density function
centered at the feature of interest, with a randomly generated
standard deviation o € [40, 60] and a randomly generated scale
factor « € [6, 10]. The Gaussian distribution is set to 0 beyond
a distance of 20 from the center of the feature of interest to
avoid any detection of features from a faraway location. The
value of a cell in the IDF is set to the sum of the integrals
of the Gaussian distributions over the area of the cell for all
features of interest. Finally, the values are normalized to have
a maximum value of one.

The environment is populated with N robots that are
randomly placed in the environment according to a uniform
probability distribution. The robots have a square sensor field
of view with a side length of 64m. The sensor field of
view is centered at the location of the robot. A disk-shaped
sensor field-of-view can be approximated by a square sensor
field-of-view with a side length of the diameter of the disk
and setting the values outside the disk to zero. The robots
have a communication range of 128 m, i.e., they are able
to communicate with each other if within this range. The

maximum speed of the robots is set to 5ms™*.

C. Data Generation and Imitation Learning

The learning pipeline comprises data generation, imitation
learning, and evaluation. Imitation learning is used to train
the LPAC architecture to mimic the behavior of the clairvoyant
algorithm, which serves two main purposes: (i) drive the simu-
lation by taking actions during data generation, and (ii) provide
near-optimal velocity actions for the LPAC architecture to
learn from. Although the clairvoyant algorithm has knowledge
of the entire IDF, the input to the LPAC architecture for
both training and evaluation is always limited to the observed
IDF with the limited sensing capabilities of the robots. Each
robot 7 independently runs the same LPAC policy using only
the observed workspace Wy) made by the robot ¢ and GNN-
based abstract information communicated by the neighboring
robots. There are two primary advantages to this approach:
First, designing highly specialized algorithms with limited
sensing capabilities is challenging, which is circumvented
by using the clairvoyant algorithm. Second, as the results
show in Section VI, the LPAC policy is able to outperform
the centralized algorithm (C-CVT) with limited observations,
which would not have been possible if the LPAC architecture
had been trained using the C-CVT algorithm.

Using the clairvoyant algorithm, the simulation environment
evolves in discrete time steps of 0.2s, i.e., with a frequency
of 5Hz, and the maximum distance that the robots are able
to move is 1 m in each time step. The algorithm is run until
convergence or for a maximum of 1000 iterations. At each
iteration, for each robot, the four-channel input to the CNN of
the perception module (Section IV-A), along with the control
actions and positions of robots, are stored as a state-action
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pair. Such state-action pairs are stored every five iterations of
the algorithm. We additionally generate configurations at the
converged state of the CVT algorithm to help the imitation
learning algorithm learn the converged state. In total, 100,000
data points are generated, each containing state-action pairs
for 32 robots.

The training is performed using the Adam optimizer [51]
in Python using PyTorch [52] and PyTorch Geometric [53].
We use a batch size of 750 and train the network for 100
epochs. The learning rate is set to 107, and the weight decay
is set to 1073, The mean squared error (MSE) loss is used
as the loss function, where the target is the output of the
clairvoyant algorithm, and the prediction is the output of the
LPAC architecture. The training and validation loss curves are
shown in Fig. 6. The model with the lowest validation loss is
selected as the final model.

Training Loss - - - Validation Loss
T T T T T
0.8 -
2 0.6 -
Q
—
%
S 0.4 |- -
0.2 -
| | | | | |
0 10 20 30 40 50
Epoch

Fig. 6. Evolution of the training and validation Mean Squared Error (MSE)
loss over epochs for the primary LPAC-K3 model trained on 1024 x 1024
grid world with 32 robots. The training loss steadily decreases, indicating the
model is fitting the data more closely, while the validation loss remains higher
and fluctuates, indicating the model is not overfitting. The highlighted point
marks the epoch (#16) at which the validation loss is minimized, which is
used to select the final model.

VI. RESULTS

This section presents empirical evaluations of the proposed
LPAC architecture for the coverage control problem. Our
experiments establish the following:

1) The model outperforms the baseline centralized and
decentralized CVT algorithms. It learns to share relevant
abstract information, which is generally challenging to
design for decentralized algorithms.

2) The ablation study shows: (a) The model with K = 3
in the GNN architecture performs better than the ones
with K = 1 and K = 2. Thus, the architecture is able
to exploit the propagation of information over a larger
portion of the communication graph. (b) The neighbor
maps and the normalized robot positions are essential
for improving the performance of the model.

3) The model generalizes to environments with varying
numbers of robots and features, especially when they
are larger than the training distribution.

4) The model transfers well to larger environments with a
larger number of robots while keeping the ratio of robots
to environment size the same.

5) The model is robust to noisy position estimates,
indicating that the model can be deployed on real-world
robots with noisy sensors.

6) Models trained with different communication ranges
perform well for up to half the environment size, and
the performance is better than the CVT algorithms for
all ranges.

7) Even though the model is trained on synthetic datasets
with randomly generated features, it performs well on
real-world datasets without further training.

We implemented an open-source platform' for simulating
the coverage control problem with the LPAC architecture.
The platform is implemented in C++, CUDA, and Python
using the PyTorch library. The Python interface is used
for training and rapid prototyping, while the evaluation and
deployment are done using the C++ interface.

A. Comparison to Baseline Algorithms

We evaluate our learned LPAC models against the decen-
tralized and centralized centroidal Voronoi tessellation (CVT)
algorithms, as discussed in Section V-A. We also compare the
models against the clairvoyant algorithm, which has knowl-
edge of the entire IDF and the positions of all robots, and it
can compute near-optimal actions for each robot.

We evaluated the performance of the LPAC models and
the baseline algorithms on 100 environments, each of size
1024m x 1024 m with 32 robots. The initial positions of the
robots are sampled uniformly at random in each environment.
The IDF in each environment is generated by 32 Gaussian
distributions at random locations in the environment. Fig. 7
shows the progression of the controllers for various time steps
in a random environment. Since the CVT-based algorithms
converge very fast, we show the state of the system for the
beginning of the episode, i.e., time steps 60, 120 and 180. For
this environment, the LPAC-K3 controller performs better than
decentralized CVT at all timesteps and better than centralized
CVT after 12 time steps.

Fig. 8 shows the performance of the LPAC models and
the baseline algorithms over time for 100 environments. The
features used for the IDF and the initial positions of the robots
are uniformly sampled at random. For performance evaluation,
we measure the coverage cost relative to the initial state of
the environment, i.e., we normalize the coverage cost at each
timestep by the initial coverage cost. This provides a consistent
baseline that highlights how effectively each method reduces
the coverage cost from its starting conditions, thereby reducing
the impact of the initial conditions on the comparison.

The solid lines in the figure show the normalized coverage
cost averaged over all environments, and the shaded regions
show the standard deviation of the coverage cost. The average
performance of the LPAC model, with &' = 3 hops in the GNN
architecture, is significantly better than both the decentralized
and centralized CVT algorithms. The standard deviation of the
LPAC model is slightly higher than the CVT algorithms, but
the spread of the standard deviation is mostly below that of
the decentralized CVT algorithm.

Uhttps://github.com/KumarRobotics/CoverageControl
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LPAC-K3

(a) Time Step = 60

(b) Time Step = 120

(c) Time Step = 180 (d) Time Step = 900

Fig. 7. Progression of the decentralized and centralized CVT algorithms (D-CVT and C-CVT) and the LPAC-K3 model for a sample environment. The
features and the initial positions of the robots are sampled uniformly at random. The first three columns show the cumulative observations of all robots up
to time steps 60, 120, and 180, respectively. The robots are shown as blue discs with blue lines showing the trajectory for the past 40 time steps. The light
blue lines show communication links between robots based on a range of 128 m. The last column shows the positions of the robots at time step 900 with the

Voronoi cells of the robots. The entire IDF is shown in the final time step.

Fig. 9 shows the percentage of the environment observed
by the robots over time. There is a correlation between the
observed area and the coverage cost, shown in Fig. 8. The
decentralized and centralized CVT algorithms observe only
a small portion of the environment as they quickly converge
to local minima based on their immediate local observations.
In contrast, the clairvoyant algorithm, which has complete
knowledge of the IDF, strategically spreads the robots across
the environment to reach near-optimal locations, resulting in
a higher observed area. Note that the observed area for the
clairvoyant algorithm is calculated based on what the robots
would have observed during their motion, as the algorithm
itself has complete knowledge of the IDF. Initially, the ob-
served area of the LPAC model is lower than that of the
clairvoyant algorithm, but it increases over time since the
LPAC model does not have an explicit convergence criterion.
Similar to the clairvoyant algorithm, the LPAC-K3 policy

effectively distributes the robots and explores more of the
environment, achieving a greater observed area compared to
the CVT algorithms.

Fig. 10 shows the number of environments, out of the 100
environments, for which each controller performs the best.
The LPAC-K3 model performs the best for about 50% of the
environments within the first few time steps and reaches above
85% after 500 time steps. This indicates that the LPAC model
can learn a policy that performs well in most environments
over time.

These results establish that the LPAC architecture is suit-
able for the coverage control problem and outperforms the
decentralized CVT algorithm. Even though the centralized
CVT algorithm has knowledge of all the observations of
the robots, the LPAC model still outperforms the centralized
CVT algorithm. This indicates that the LPAC model learns to
share abstract information about the environment with other
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Fig. 8. Evaluation of the LPAC model with respect to CVT-based algorithms:
The coverage cost is normalized by the cost at the initialization of the
environment. Hence, the cost is 1 at time step 0. The controllers are run
for 100 environments for 900 time steps each. For each controller, the mean
performance over all environments is shown as a solid line, and the standard
deviation is shown as a shaded region. The LPAC model outperforms both
the centralized and the decentralized CVT algorithms.
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Fig. 9. Percentage of the environment observed over time: The decentralized
and centralized CVT algorithms observe a small portion of the environment
as they quickly converge to local minima based on local observations. The
clairvoyant algorithm, leveraging complete knowledge of the importance
density function (IDF), spreads the robots effectively across the environment,
resulting in a higher observed area. The LPAC-K3 policy, though initially
observing less than the clairvoyant algorithm, gradually increases the observed
area over time by distributing the robots more effectively, ultimately achieving
a higher observed area compared to the CVT algorithms.

robots and propagates this information over the communica-
tion graph, resulting in improved performance.

B. Ablation Study

We performed an ablation study of the LPAC architecture
to understand the importance of the different components
of the architecture. For the first ablation study, we trained
LPAC models with different numbers of hops in the GNN
architecture, ranging from 1 to 3. A K = 3 hop model
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Fig. 10. Number of environments for which each controller performs the
best (after the first time step): The controllers are run for 100 environments
for 900 time steps each. The environments are randomly generated—the
center of the IDF features and the initial positions of the robots are sampled
uniformly at random. The LPAC-K3 model performs best for about 50% of
the environments within the first few time steps and reaches above 85% after
500 time steps.

enables the diffusion of information over a larger portion of
the communication graph, whereas a K = 1 hop model limits
diffusion to the immediate neighbors of a robot. Fig. 11 shows
the performance of the LPAC models with different numbers
of hops in the GNN architecture and compares them with the
decentralized and centralized CVT algorithms. The LPAC-K1
model performs worse than the other LPAC models and is
unstable over time. This is expected, as the model is not able to
collaborate with robots that are not within its communication
range. The LPAC-K2 and LPAC-K3 models, on the other
hand, significantly outperform the CVT algorithms. A large
number of hops in the GNN architecture is not necessarily
advantageous, as it requires more computation and memory
and may become unsuitable for real-time applications.

For the second ablation study, we trained LPAC models
without the neighbor maps as inputs to the CNN layer (LPAC-
NoNeighborMaps), and without the normalized robot positions
as additional features to the GNN layer (LPAC-NoPos). Fig. 12
shows the performance of these ablated LPAC models with
respect to the primary LPAC model (LPAC-K3) and the CVT
algorithms. The LPAC-NoNeighborMaps model performs sig-
nificantly worse than the LPAC-K3 model. This indicates that
the neighbor maps are essential for the LPAC model to perform
well. The LPAC-NoPos model performs slightly worse than
the LPAC-K3 model, but the performance is still better than
the CVT algorithms. The normalized position of the robot as
an additional feature to the GNN layer is, therefore, helpful in
improving the performance of the LPAC model. However, the
LPAC model can still perform well even when the position of
the robot is not available, as in the case of a robot without a
GPS or good state estimation.

The ablation study shows that the proposed LPAC archi-
tecture is suitable for the coverage control problem, and the
different components of the architecture are essential for the
performance of the model. In the following subsections, we
evaluate the performance of the LPAC architecture, focusing
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Fig. 11. Performance of LPAC architecture with different number of hops
K in the GNN layer: The controllers are run for 100 environments for 1500
time steps each. All the LPAC models perform well in the first 200 time steps,
but the LPAC-K3 model with 3 hops in the GNN layer outperforms the other
LPAC models in the long run. The LPAC-K1 model with a single hop in the
GNN layer is particularly unstable, as it is not able to learn to collaborate with
the robots that are not in its communication range. The LPAC-K2 and LPAC-
K3 models outperform both the centralized and decentralized CVT algorithms.
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Fig. 12. Ablation study of the LPAC model: The LPAC architecture without
the neighbor maps (LPAC-NoNeighborMaps) as inputs to the CNN layer
performs significantly worse than the full LPAC model, even though the
average performance is better than both the centralized and decentralized CVT
algorithms. The LPAC architecture (LPAC-NoPos), without the normalized
robot positions as additional features to the GNN layer, performs slightly
worse than the full LPAC model. This indicates that even when a global
position estimate is not available, the LPAC model can still perform well.

on K = 3 hops (LPAC-K3) in the GNN architecture as the
primary model.

C. Generalization to Varying Number of Robots and Features

The primary LPAC model (LPAC-K3) was trained on envi-
ronments with 32 robots and 32 features in a 1024 m x 1024 m
environment. We evaluate the performance of the model on
environments with varying numbers of robots and features

Number of Features

| | |
8 16 24 32 40 48 56 64

Number of Robots

Fig. 13. Evaluation of the LPAC-K3 model on environments with varying
numbers of features and robots. The controllers are evaluated in 100 envi-
ronments for each combination of the number of robots and features. The
performance is computed as the percentage improvement of the average cost
over the decentralized CVT algorithm. The model performs worse than the
decentralized CVT algorithm when the number of robots or features is very
small (8 for each). However, the model performs significantly better when the
number of robots and features increases.

from 8 to 64, in steps of 8, in the same size environment.
For each combination of a number of robots and features, we
generated 100 environments with the locations of the features
and the initial positions of the robots sampled uniformly at
random. The controllers are run for 1500 time steps for each
environment. Fig. 13 shows the performance of the LPAC
model, with K = 3 hops in the GNN architecture, with
respect to the decentralized CVT algorithm. The performance
is computed as the percentage improvement of the average
cost over the decentralized CVT (D-CVT) algorithm:

(Avg. Cost D-CVT) — (Avg. Cost LPAC-K3)
(Avg. Cost D-CVT)

The LPAC model performs worse than the decentralized
CVT algorithm when the number of robots or features is very
small (8 for each). The sensor field-of-view of the robots is
64 x 64, whereas the environment size is 1024 x 1024. This
represents a very small fraction of the environment that the
robots can observe, with a ratio of 1 : 256. When the number
of features is very small, large empty regions are problematic
as the robots may not see any features, especially in the first
few steps, and thus, the LPAC policy fails to take appropriate
actions. The LPAC policy does not often see such scenarios
during training, and hence, the policy may not perform well
in such cases. For example, the LPAC model performs 9%
worse than the decentralized CVT algorithm with 8 features,
even with 64 robots.

A similar case arises when the number of robots is very low,
resulting in a sparse disconnected communication graph. The
GNN-based LPAC policy is not effective in such scenarios as
the robots are not able to communicate with each other.

However, the model performs significantly better for a larger
number of robots and features. Interestingly, the performance
of the LPAC model improves for cases beyond the training

x 100 (17)
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Fig. 14. Scalability of LPAC models: The LPAC-K3 model, trained on
environments of size 1024 m x 1024 m with 32 robots, is executed on larger
environments with a larger number of robots while keeping the ratio of robots
to environment size the same. In the violin plots, the LPAC-K3 model (blue)
consistently outperforms the decentralized CVT algorithm (red) in all cases.
The width of the violin plots is proportional to the number of environments
for the average coverage cost.

distribution, i.e., when the number of robots and features is
larger than 32. With 32 robots and 32 features and beyond,
the LPAC model performs at least 20% better than the decen-
tralized CVT algorithm.

These results demonstrate that the LPAC model can general-
ize effectively to scenarios featuring substantially more robots
and features than those used during training. This capability
is significant, as it allows the model that was trained on a
sufficiently large, but finite set of conditions, to be reliably
applied in environments where the number of robots and
features is not fixed in advance and may far surpass the
levels encountered during training. These empirical results
correlate with the theoretical results on transferability [13],
i.e., policies trained on sufficiently large number of robots can
be transferred to even larger teams.

D. Transferability to Larger Environments

One of the advantages of using a GNN-based architecture is
that it scales well to larger environments and a larger number
of robots. We evaluate the primary LPAC model (LPAC-
K3), which was trained on environments with 32 robots and
32 features in a 1024m x 1024 m environment, on larger
environments while keeping the number of robots and features
per unit of environment area the same. The model is not
retrained or fine-tuned on the larger environments, and the
robot parameters, such as the communication range (128 m)
and the sensor field of view (64m x 64m), are kept the
same. Fig. 14 shows the performance of the LPAC model with
respect to the decentralized CVT algorithm on environments
ranging from 1024m X 1024m to 2048 m x 2048 m with
32 to 128 robots. The shaded regions in the figure show
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Fig. 15. Performance of coverage control algorithms as a ratio of average costs
with respect to the clairvoyant algorithm: The decentralized CVT (D-CVT)
and centralized CVT (C-CVT) algorithms and the LPAC-K2 and LPAC-K3
models are evaluated on increasing environment size while keeping the ratio
of robots to environment size the same. The LPAC models outperform both the
decentralized and centralized CVT algorithms in all cases. The average costs
for the D-CVT and the C-CVT algorithms are around 2.8 and 2.5 times that
of the clairvoyant algorithm, respectively. The average costs for the LPAC-K3
model are about twice the clairvoyant algorithm, even though the model is
decentralized and the IDF is not known a priori to the model.

the distribution of the normalized coverage cost over 100
environments. Note that the peaks of the distributions for the
LPAC model are at a significantly lower coverage cost than
those of the decentralized CVT algorithm. Interestingly, the
spread of the distributions for both controllers decreases as
the size of the environment increases, even though the ratio
of robots to environment size is kept the same. This could be
attributed to the fact that the ratio of environment size and the
number of robots does not exactly match with the expected
degree of a robot in the communication graph—the expected
degree of a robot is 1.41 in the 1024 m x 1024 m environment,
and 1.49 in the 2048 m x 2048 m environment, as computed
using a Monte Carlo simulation. The discrepancy is caused
because of the boundary limits of the environment, which
change the probability of a robot being connected to other
robots from a linear relationship to a more complex one.

We also evaluated the centralized CVT algorithm and the
LPAC model with K = 2 hops in the GNN architecture in
the same environments. Similar to LPAC-K3, the LPAC-K2
model was trained on environments with 32 robots and 32
features in a 1024 m x 1024 m environment. Fig. 15 shows
the performance of the controllers in the larger environments.
The performance is measured as the ratio of the average
coverage cost with respect to the clairvoyant algorithm, i.e.,
the average cost of the clairvoyant algorithm is 1. Since the
clairvoyant algorithm has the knowledge of the entire IDF, the
coverage costs of other algorithms are always worse than the
clairvoyant algorithm, and the ratio is always greater than 1.
The results show that both LPAC-K2 and LPAC-K3 models
outperform the decentralized and centralized CVT algorithms
for all environment sizes, and the models transfer well to larger
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Fig. 16. Evaluation of coverage algorithms with a Gaussian noise € added to the position of each robot, i.e., the sensed position p; = p; + €. The performance
of the algorithms, measured as normalized coverage cost in the y-axis, is not significantly affected by the noise, except for the very large noise with a standard

deviation of 20 m.

environments. The performance of the LPAC-K3 model is the
best of all the controllers, whereas the performance of the
LPAC-K2 model is slightly worse than that of the LPAC-K3
model.

These results establish that the LPAC architecture can
be trained in a small environment and can be deployed in
larger environments with a larger number of robots. The
results support the theoretical analysis on the transferability
of GNNs [13]. The LPAC architecture utilizes CNN and GNN
modules, and the inputs to these modules are designed such
that both rely primarily on local, compositional structures
rather than fixed global representations. As the number of
robots and the environment size grow, each robot’s decision-
making process remains focused on its immediate neighbors,
ensuring that the learning process is independent of global
scale. Since the LPAC architecture, particularly GNN, is
invariant to the number of vertices (robots), the same learned
rules apply seamlessly to larger teams. Moreover, as we
scale the number of robots and maintain a constant density,
the local neighborhood structure encountered by each robot
remains essentially the same, creating a form of regularity.
This regularity in the local graph structure ensures that the
learned local policies generalize effectively as the system
expands.

E. Robustness to Noisy Positions

Real-world robots are subject to noise in their position
estimates. This is particularly true for robots that use GPS
for localization, as the GPS signal can be affected by the
environment, such as tall buildings and the weather. Thus, we
evaluate the performance of the LPAC-K3 model with respect
to the CVT algorithms with simulated noise in the position
of the robots. A Gaussian noise is added to the position of
each robot in the simulator. The standard deviation of the
Gaussian noise is varied from 5 to 20 meters in steps of
5 meters. Fig. 16 shows the performance of the controllers
for different noise levels. The controllers, including LPAC-
K3, are not significantly affected by the noise. However, there
is still a degradation in the performance of the controllers
with increasing noise, especially for the noise with a standard
deviation of 20 m. These results indicate that LPAC models,
as well as the CVT algorithms, are robust and can be deployed
on real-world robots with noisy position estimates.

F. Performance on Real-World Datasets

In addition to testing on uniform, randomly generated
feature distributions, we also evaluate our LPAC architecture
using traffic light datasets derived from real-world traffic light
locations from 50 cities in the US. An area of 1024 m x 1024 m
was selected in each city, and the locations of the traffic lights
were extracted from the OpenStreetMap database. The traffic
light locations form the locations of the features in the IDF.
The core idea behind using the traffic light dataset is to assess
the generalizability of the LPAC policy under non-uniform and
realistically structured feature distributions. In our training and
baseline evaluations, features (represented by Gaussian peaks
in the IDF) are placed uniformly at random. This setup, while
controlled, does not reflect spatial patterns or correlations that
often arise in real-world scenarios.

In contrast, the traffic light dataset introduces features
located at fixed, non-uniform points that mirror real-world
urban layouts. Traffic lights are typically clustered along road
networks, follow certain urban planning principles, and occur
at predictable intervals rather than scattered randomly. This is
more than a trivial variation in feature placement as it forces
the policy to address structured complexity rather than the
uniform randomness it was exposed to during training.

Fig. 17 shows the progression of the LPAC-K3 model in
three environments from the dataset. Since the performance
of the coverage control algorithms is sensitive to the initial
positions of the robots, we evaluated the performance of the
algorithms with 10 different initial positions of the robots.
Fig. 19 shows the performance of the LPAC-K3 model with
respect to the decentralized and centralized CVT algorithms.
The performance is measured as the ratio of the average cost
with respect to the clairvoyant algorithm. The environments
are split into buckets of size 10 based on the number of
features in each environment. The results show that the LPAC-
K3 model performs poorly, around 3.5 times the clairvoyant
algorithm, on environments with a small number of features, as
also observed in Section VI-C. The model, however, performs
well in environments with more than 20 features, with an
average performance of around 1.9 times the clairvoyant
algorithm for more than 30 features.

The results show that the LPAC architecture performs well
for environments that may be very different from the training
distribution. It is important to note that the LPAC-K3 model
was not retrained or fine-tuned on the real-world dataset, and
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Fig. 17. Progression of the LPAC-K3 model on three real-world environments: The traffic signals, shown in the first column, form the features for generating
the IDF. Each such feature is modeled as a 2-D Gaussian distribution with a uniformly sampled standard deviation o € [40,60] and scaled with a value
sampled uniformly at random from [6, 10]. The number of features for Portland, San Francisco, and Boston are 9, 30, and 86, respectively. The robots in the
swarm are initialized at random positions in the environment. The second and third columns show the cumulative observations of all robots up to time steps
100 and 600, respectively. The last column shows the positions of the robots at time step 1200 with the Voronoi cells of the robots on the entire IDF.

the model was trained on synthetic datasets with randomly
generated features. Furthermore, the clairvoyant algorithm has
knowledge of the entire IDF, and the LPAC model is able
to perform well with only local observations of the IDF and
communication with neighboring robots. The performance of
the learned LPAC policy in the traffic light realistic environ-
ments further validates that the LPAC architecture does not
merely overfit to synthetic uniform conditions, but can effec-
tively address real-world scenarios with non-uniform feature
distributions.

G. Demonstration on Realistic Simulator

We demonstrate our approach on a simulation framework
that combines PX4, Gazebo, and ROS2 Humble to facilitate
a direct and practical approach to prototyping aerial robots.
A large number of platforms use PX4, and thus, using PX4

ensures that code developed in simulation can be transferred
to most real platforms with minimal modifications. Gazebo
introduces physics-based realism, including collision detection
and sensor noise, reducing discrepancies between simulated
experiments and real-world field tests.

We  deployed the Learnable Perception-Action-
Communication (LPAC) policy operating within the integrated
simulation environment. In this demonstration, the system
relies solely on GPS for localization, although the simulation
setup allows for introducing additional sensors and more
sophisticated perception methods. The environment is
a 250 x 250 square with 8 robots and 8 features. The
effective communication range was set to 64m with all
other parameters the same. Fig. 18 shows the simulation
environment and the coverage of the robots at the final
time-step. Note that the performance of any coverage control
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Fig. 18. Gazebo and PX4 based simulation environment using ROS2. The environment is a 250 X 250 square with 8 robots and 8 simulated features.
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Fig. 19. Performance of coverage algorithms on the real-world traffic light
datasets from 50 cities in the US spanning 1024 m x 1024 m: The values
in the heatmap are the ratio of the average costs of the coverage algorithms
with respect to the clairvoyant algorithm. The 50 environments are organized
in the heatmap in buckets of size 10, based on the number of features (traffic
signals) in each environment. For each environment, 10 trials with random
initial positions of 32 robots are run, and the average cost is computed. The
LPAC-K3 model performs poorly on environments with a small number of
features, as they are out of distribution for the model. However, the model
is able to generalize well to environments with a large number of features,
and it outperforms both the decentralized and centralized CVT algorithms, on
average, for environments with more than 20 features.

policy is subject to the initial positions of the robots, as the
field-of-view is limited. Future work will involve performing
large-scale simulations on various environments and more
robots, along with real-world experiments, to validate the
performance of the LPAC architecture.

H. Communication Analysis

In this section, we analyze the performance of LPAC
policies with different communication ranges, and discuss
the communication requirements for both centralized and
decentralized deployment of such policies.

1) Performance with Different Communication Ranges:
We trained models with the LPAC architecture with different
communication ranges and compared them with the CVT
algorithms. Fig. 20 shows the performance of the controllers
as a ratio of the average cost with respect to the clairvoyant
algorithm. The same set of environments is used for all
controllers and communication ranges. The performance of
the centralized CVT algorithm does not change with the
communication range, as expected. Whereas the decentralized
CVT algorithm improves until a communication range of
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Fig. 20. Performance of the LPAC architecture with different communication
ranges: Models with LPAC architecture, with 3 hops of communication, are
trained on environments with 32 robots and 1024 m X 1024 m size with
different communication ranges. The models are evaluated on environments
with the same size and number of robots but with different communication
ranges. Counterintuitively, the LPAC architecture does not perform well when
the communication range is closer to the size of the environment. It, however,
performs well when the communication range is relatively smaller than the
size of the environment, peaking at a communication range of 512 m.

512 m and then stagnates. This is also expected, as the Voronoi
cell of a particular robot is generally not affected by the robots
that are far away. The performance of the decentralized CVT
algorithm is still worse than the centralized one, even with
a communication range of 1024 m, as the robots only have
knowledge of their own observations of the IDF. In contrast,
the centralized algorithm uses the combined observations of
all robots.

The LPAC-K3 model outperforms the CVT algorithms for
all communication ranges. Interestingly, the performance of
the LPAC-K3 model improves until a communication range
of 512m and then decreases. This is counterintuitive, as
one would expect the performance to improve with a larger
communication range and the performance to be closer to the
clairvoyant algorithm with a communication range of 1024 m.
We hypothesize three reasons for this behavior of the LPAC
model. First, the neighbor maps in the CNN architecture are
of the fixed size of 32 x 32. For a large communication range,
there would be several robots in a cell of the neighbor map
due to the low resolution of the map. We take the sum of
the values in the cell when we have multiple robots in a cell,
leading to a loss of information. Second, in a very similar



IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.

way, the GNN architecture uses summation as the aggregation
function, which is again a lossy operation. The model may
be poorly suited to disambiguating features coming from
different robots when the communication range is large. Third,
the communication graph becomes almost fully connected
as the communication range increases, and GNNs perform
better with sparse graphs. Investigating these hypotheses and
improving the performance of the LPAC model with a larger
communication range is an interesting direction for future
work. One possible solution is to select only the closest robot
when a cell in the neighbor map has multiple robots and
use a more sophisticated aggregation function in the GNN
architecture.

Nevertheless, the LPAC model is reliable for communication
ranges up to 512m and outperforms the CVT algorithms for
all communication ranges.

2) Bandwidth Requirements: In the coverage control prob-
lem, each robot makes localized observations based on the
sensor size and maintains an ego-centric local map over time.
In real-world deployment, each robot would need to process
raw sensor images and generate importance values. In our
simulations, we simulate the generation of importance values
to keep the system agnostic to the sensor hardware and the
computer vision module. We now analyze the communication
bandwidth requirements for the baseline coverage control
algorithms and the proposed LPAC-based policies.

D-CVT: The decentralized-CVT algorithm is executed inde-
pendently on each robot and requires only the positions of the
neighboring robots. This means that there is no communication
requirement for a robot when there is no neighbor. On the other
hand, in the worst-case scenario, from a communication load
perspective, a robot would have all other robots as neighbors.
Thus, the worst-case requirement is O(n) messages for a
robot. When all robots are within the communication radius
of each other, the entire system will be exchanging O(n?)
messages. The message is only the positions of the robots,
which in the simplest case can be represented as a vector of
two floating-point numbers. Hence, the communication load
for the D-CVT algorithm is very low.

C-CVT: The centralized-CVT requires each robot to send
its local maps and positions to a central server. In our imple-
mentation, each robot maintains a local map of size 256 x 256.
This requires a message of 21642 floating-point numbers. The
central server receives these messages from all n robots. A
large-scale system can overload the communication bandwidth
due to both large message size and the number of robots.

LPAC: The LPAC policy can be deployed in both central-
ized and decentralized settings. In the centralized setting, each
robot communicates its input to the GNN module, which is the
concatenation of the CNN output with the normalized position
of the robots. For our LPAC policy, this message is a (2° + 2)
size floating-point vector. This is substantially lower than the
C-CVT algorithm by a factor of approximately 2!! = 2048. As
the results show, the LPAC policy performs significantly better
than the C-CVT algorithms, even with a lower communication
requirement.

In the decentralized setting, the communication load is
strongly tied to the architecture design, i.e., the number of

hops, the number of GNN layers, and the latent size of the
GNN layers. In our primary LPAC policy, the input to the first
GNN layer is a 34-sized vector, and the output of all layers
is a 28 = 256-sized vector. As described in Section IV-B
and in Equations (10) and (11), the transmitted aggregated
message is given by a set of vectors (y;);x for a robot i.
Except for (y;)oo, which has a size of 34 and corresponds to
the input to the GNN, all other vectors have size 28 = 256.
The architecture has L = 5 GNN layers with K = 3 hops.
Thus, the total message size is 14 x 28 + 34 = 3618 floating-
point numbers. This is lower than the C-CVT algorithm by
approximately a factor of 18. Similar to the D-CVT algorithm,
a robot only communicates directly with its neighbors, and
when all robots are neighbors to each other in the worst-case
scenario, they make O(n) communications. In practice, the
number of neighbors is relatively low for the coverage control
problem. For an environment of size 1024 x 1024 with 32
robots and 256 communication radius, the average number of
neighbors is 5.30 with a standard deviation of 2.35, averaged
over simulations of LPAC policy on 100 unique importance
density fields and initial robot positions.

We highlight the following features of the GNN-based
decentralized LPAC policy: (i) The communication is com-
pletely decentralized and hence, there is no single point of
failure or communication bottleneck. (ii) The GNN abstracts
the observations and received information into a fixed sized
message, which is independent of the number of robots, i.e.,
it does not increase with the number of neighbors seen by
a robot. Hence, the system scales well with the number of
robots. (iii) The number of message exchanges is always with
the neighboring robots. In general, instead of peer-to-peer
communication, a broadcasting protocol can also be used to
reduce the communication load [23], [22]. (iv) The LPAC-
policy performs better than the centralized-CVT baseline even
though the communication requirement is significantly lower.

VII. DISCUSSION

This article presented a learning-based approach to the
decentralized coverage control problem, where a robot swarm
is deployed in an environment with an underlying importance
density field (IDF), not known a priori. The problem requires a
robot swarm to be placed optimally in the environment so that
robots efficiently cover the IDF with their sensors. The prob-
lem is challenging in the decentralized setting as the robots
need to decide what to communicate with the neighboring
robots and how to incorporate the received information with
their own observations. However, in contrast to a centralized
system, a decentralized system is robust to individual failures
and scales well with large teams in larger environments.

Motivated by the advantages of a decentralized sys-
tem, the article proposed a learnable Perception-Action-
Communication (LPAC) architecture. The perception module
uses a convolutional neural network (CNN) to process the local
observations of the robot and generates an abstract representa-
tion of the local observations. In the communication module,
the GNN computes the messages to be sent to other robots
and incorporates the received messages with the output of the
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perception module. Finally, a shallow multi-layer perceptron
(MLP) in the action module computes the velocity controls
for each robot. All three modules are executed independently
on each robot, and the communication model enables collab-
oration in the robot swarm with the aid of the GNN.

Models based on the LPAC architecture were trained using
imitation learning with a clairvoyant algorithm that uses the
centroidal Voronoi tessellation (CVT). We extensively evalu-
ated the LPAC models with the decentralized and the central-
ized CVT algorithms and showed that the models consistently
outperform both CVT algorithms. It is interesting to note
that the centralized CVT algorithm knows the positions of
all robots to compute the Voronoi partition; it also has the
cumulative knowledge of the IDF from all robots to compute
the centroids of the Voronoi cell. Yet, the decentralized LPAC
models do better, which indicates that they are able to learn
features beyond what is used by the CVT-based algorithms.

The evaluations further establish that the models are able to
perform well in environments with a larger number of robots
and features. The models also transfer to larger environments
with bigger robot swarms. The models were robust to noisy
estimates of the robot positions, with only a small degradation
in performance as the noise levels increased. A real-world
dataset was generated from traffic signals as features for the
IDF. The models were tested without any further training or
fine-tuning. Except for the cases when the number of features
was very low, the models outperformed the CVT algorithms,
even though these datasets have IDFs that are very different
from the training set of randomly and uniformly generated
features.

In conclusion, the results establish that the LPAC models are
transferable to larger environments, scalable to larger robot
swarms, and robust to noisy position estimates and varying
IDFs for the decentralized coverage control problem. The suc-
cess of the LPAC architecture indicates that it is a promising
approach to solving other decentralized navigation problems.
Furthermore, the architecture learns a decentralized policy
from a centralized clairvoyant algorithm, thereby alleviating
the need for carefully designed decentralized algorithms.

Future work involves testing the models in physical exper-
iments with asynchronous and decentralized communication
infrastructure [23]. Additional testing with communication
dropouts, latency, and robot failures is essential to characterize
the resiliency of the system to failures. Another essential
task is to investigate further the poor performance of the
models with large communication ranges, which may require
minor changes in how aggregation is performed in the GNN
architecture. When we do not have any prior knowledge of the
IDF, the algorithm can benefit from exploring the environment
to discover more features. In contrast, in this article, the
robots react to the features they observe without any explicit
exploration. However, the exploration is antithetical to the
coverage control problem, as the former requires visiting new
regions, whereas the latter is focused on providing coverage
to the already observed high-importance regions. In future
work, we plan to investigate the trade-off between explo-
ration and coverage control. The promising results motivate
the theoretical study of the LPAC architecture in relation to

transferability, robustness, and scalability. Additionally, the use
of the clairvoyant algorithm to generate actions needs further
investigation to ensure general applicability to other decen-
tralized navigation problems and to determine the approach’s
limitations.

The primary motivation for the design of the PAC architec-
ture was to solve decentralized navigation problems with robot
swarms where there is a collaborative goal to be achieved. We
plan to investigate more navigation problems and assess the
generalizability of the LPAC architecture.
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