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Abstract— Decentralized navigation methods rely primarily
on local observations, lacking the global awareness needed to
coordinate effectively within a multi-agent system. Exchanging
relevant messages between agents can promote cooperation
and improve navigation efficiency. We present a Reinforcement
Learning (RL)-based decentralized navigation approach that
learns ‘when,’ ‘what,’ and ‘with whom’ to communicate for
safe and cooperative navigation. Our method leverages a visual
transformer and self-attention mechanism to encode the local
occupancy map and the state information of neighbors into
fixed-length encodings, allowing it to handle an arbitrary
number of neighbors for collision-free navigation. In addition,
the network encodes the agent’s state information and obser-
vations of neighboring agents into a concise message vector
by learning what information is crucial to communicate, which
is shared with neighboring agents upon request. Moreover, to
avoid indiscriminate broadcasting, the network learns when
and with whom to communicate and request message vectors.
Subsequently, the messages communicated alongside the local
information are used to guide navigation decisions. We evaluate
our method against state-of-the-art baselines in complex scenar-
ios, including narrow corridors and environments with multiple
agents. We observe considerable improvements in terms of
navigation performance, showing up to ∼ 2× improvement in
navigation success rates and a reduction of up to ∼ 20% in
path length.

I. INTRODUCTION

Recent advancements in perception, planning, and deep
learning have driven robots into multiple novel real-world
applications. In these contexts, robots play a pivotal role
in enhancing productivity, precision, reliability, and safety
across different domains. For instance, robots excel at ef-
ficiently moving payloads within warehouses, conducting
inspections in hazardous environments to ensure human
safety, or surveilling areas for security purposes. Moreover,
many such applications benefit from utilizing multiple robots
in tandem [1].

Irrespective of their specific application, robots within
multi-robot systems must navigate between locations safely
and efficiently to fulfill their objectives. Multi-robot naviga-
tion methods can be broadly categorized into centralized [2],
[3] and decentralized methods [4], [5], [6]. Centralized
approaches involve a central system computing a plan for
all robots in the system to guide them to the goal and avoid
collisions. While they can achieve optimal plans, they are not
scalable to a large number of agents due to the exponential
increase in the number of states [7], [8].
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In decentralized methods, agents independently decide
on actions based on their observations of the local envi-
ronment. While decentralized approaches offer scalability
and resilience through distributed decision-making, they may
generate suboptimal plans and lead to deadlocks or even
collisions in complex environments. One contributing factor
to these challenges is that decentralized methods, unlike cen-
tralized approaches, depend on observable state information
of neighboring robots and lack insight into their goals or
navigation intentions. While complete knowledge about all
robots could be advantageous, it is unrealistic to assume
continuous access to such knowledge.

Similarly, human navigation involves individuals making
independent decisions based on locally observed information.
Despite this, human navigation is quite efficient, capable of
resolving conflicts and exhibiting emergent crowd behaviors,
such as forming lanes for efficiency [9]. Humans further
enhance their navigation by communicating their intentions
to neighbors. For example, drivers use turn signal indicators
while driving, and pedestrians may directly request someone
blocking a doorway to move.

Recently, learning-based approaches [10], [11], [12] have
been used for decentralized planning. In these methods,
the network learns cooperative navigation by simulating the
intricate interactions among multiple agents during training,
while relying solely on local information. Furthermore, re-
searchers have explored communication channels for the ex-
change of additional information or messages. This augmen-
tation has shown promise in enhancing navigation perfor-
mance in multi-robot systems with partial observation, result-
ing in improved safety, deadlock resolution, and other desir-
able outcomes [13], [14], [15]. However, existing approaches
either focus on solving the problem of planning over a
graph (multi-agent pathfinding) or involve communicating
planned actions over a predetermined time horizon [14],
without addressing the crucial question of determining what
information is most beneficial to communicate.

Hence, enabling robots to exchange relevant information
with others can aid coordination in decentralized multi-robot
systems and improve their navigation performance. However,
real-world communication faces challenges such as limited
bandwidth, transmission delays, and potential security issues.
Therefore, it’s necessary to communicate intelligently and
only when necessary to improve navigation. Furthermore, the
communicated information could include robot intentions,
observations, goal information, or planned future trajectories.
Hence, the critical challenge lies in determining what infor-
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mation is communicated, when, and to whom, to improve
overall navigation performance.

A. Main Contributions

In this paper, we address the problem of navigating
multiple robots through complex environments riddled with
static obstacles while ensuring collision-free navigation in
a decentralized fashion. Specifically, we propose an RL-
based approach that focuses on the relatively underexplored
realm of simultaneously learning navigation strategies and
efficient communication strategies—deciding when, what,
and whom to communicate with—to enhance navigation
performance using reinforcement learning techniques. Our
main contributions are:

• We propose a novel RL-based approach for multi-robot
navigation that leverages communication to enhance
navigation performance. Our network simultaneously
learns navigation and efficient communication, includ-
ing determining what message to communicate and
whom to communicate with, to improve navigation
based on the applied reward.

• Our network encodes the local information of the agent,
encompassing neighbor state data, ego-state, and local
occupancy map, into a concise, fixed-length message
vector that neighboring agents can request. Furthermore,
our network uses attention to learn an encoding of
the neighbor’s observable state, which is then utilized
to predict the probability of a communication link to
initiate communication with the specific neighbor.

• We evaluate the efficacy of our method across vari-
ous challenging environments, with static obstacles and
multiple agents, by benchmarking against state-of-the-
art learning and non-learning baselines. We observe that
the proposed method significantly improves key metrics
such as path length (up to ∼ 20%), and success rate (up
to ∼ 2×) compared to the baselines.

Moreover, we evaluate the selective communication perfor-
mance by presenting the number of communication link
made in different scenarios in relation to broadcast com-
munication. Additionally, we present a discussion through
correlation analysis, highlighting the influence of inter-agent
distance and agent velocity on selective communication.

II. RELATED WORKS

Reactive methods [4], [16] are a class of decentralized
methods that use the current state of the agents to inform
navigation decisions. Velocity obstacles (VO) [4] is a pop-
ular reactive method that computes a set of collision-free
velocities between pairs of robots. To improve coordination,
RVO [17] extended the VO concept by accounting for the
collaborative effort between the agents to avoid collision.
ORCA [18] approximates velocity obstacles as half-planes
and formulates the collision avoidance problem as a linear
programming problem. While ORCA scales to large multi-
agent systems, it can result in deadlocks in dense scenarios.
In contrast to planning in velocity space, BVC [5] plans
in position space by Voronoi cells are free space. In [19],

the authors present a hybrid approach based on BVC and
velocity obstacles for multi-agent navigation and deadlock
resolution. Other methods make use of potential field [20]
and control barrier function [21] for collision avoidance.
Another class of methods based on the model predictive
controller (MPC) [22], [6] make use of a finite time horizon
prediction of neighbor trajectories to find a collision-free,
smooth trajectory to the goal. Even with perfect sensing
capabilities, decentralized methods can still lead to dead-
locks, collisions, and other issues in the absence of cooper-
ation [23].

Data-driven approaches that model human crowd navi-
gation in terms of steering efficiency [24] and navigation
interaction [25] have been explored. For instance, in [25] the
authors proposed that collision avoidance between humans
in a crowd follows a power law relation on the estimated
time-to-collision. NH-TTC [26] used this idea for collision
avoidance among agents with arbitrary equations of motion.

Learning-based methods model the complex interaction
between agents during a training process, which is used
during execution to compute a suitable action for the agent.
Despite lacking formal safety guarantees, or explainability,
they have received tremendous focus from the research com-
munity due to their impressive empirical performance against
other state-of-art baselines. Deep reinforcement learning
methods [10], [11] have been explored that learn multi-
agent navigation between non-communicating scenarios from
applied reward. In [12], the method accounts for an arbitrary
number of neighboring agents by encoding neighbor infor-
mation using LSTM.

A. Multi-Agent Communication

Prior works [27], [28], [29], [30] have considered the
benefits of communication for multi-agent systems. Par-
ticularly, Balch et al. [27] explored user-designed direct
communication with assigned meanings. Godoy et al. [28]
explore exchanging specific information such as goal and
velocity information for more coordinated navigation. While
these methods validate the intuition that communicated in-
formation beyond observed neighbor states can enhance
coordination, broadcasting with all agents may be infeasible
due to bandwidth limitations, communication delays, and
other factors. A DRL method for multi-agent pathfinding
with broadcast communication is presented in [13]. The
approach in [31] uses local communication to coordinate
agent motion where they use machine learning to learn the
communication message. Furthermore, communicating with
every agent indiscriminately (as in broadcast) may be unnec-
essary, as not all agents are relevant and impact an agent’s
navigation decision. Therefore, selectively communicating
relevant messages between agents becomes imperative.

Boardman et al. [30] define a rule-based method for
sporadic communication in a multi-agent system. Das et
al. [32] present RL-based targeted multi-agent communica-
tion approach. A few works have explored learning com-
munication in the multi-agent navigation domain. Serra-
Gomez et al. [14] learn with whom to communicate and
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Symbols Description
pi Position of agent i (px, py)
gi Goal of agent i (gx, gy)
ψi Heading of agent i
ri Radius of agent i
vi Velocity of agent i (vx, vy)

vprefi Preferred Velocity of agent i
mocc Occupancy Map of agent i
Ni Set of neighbors of agent i
Ci Set of selected neighbors for communication

TABLE I: Symbols and notations

request the planned trajectories from the chosen neighbor
to be used in the MPC planner. Ma et al. [33], present an
approach based on inferred communication [34] to reduce the
communication overhead for multi-agent navigation in a grid
world domain. In DMCA [15], authors present an RL-based
method of learning navigation and selective communication
in the non-grid world setting, where the goal information
gets communicated with relevant neighbors. We use a similar
attention based mechanism to encode the neighbor informa-
tion. In SelComm [35], each agent selects relevant neighbors
to receive their message, with each neighbor broadcasting
their information. However, in applications such as military
scenarios, constant broadcasting of information may not be
ideal due to security concerns.

In contrast to the above works, our approach uses re-
inforcement learning (RL) to jointly learn selective com-
munication and the message to be communicated along-
side navigation. We employ a request-reply communication
scheme, where the communication gets initiated by the agent
receiving the message. When requested, the neighbor shares
a concise message vector.

III. PRELIMINARIES

In this section, we outline our problem statement, as-
sumptions, and other relevant preliminaries for our approach.
Additionally, Table I summarizes the variables and notations
frequently referenced throughout our paper.

A. Problem Formulation: Multi-Agent Navigation

Consider a team of N disk-shaped robots operating in a
shared environment W ⊂ R2. Let Xfree ⊂ W represent
the free space, and Xobs ⊂ W represent the static obstacle
space. Each robot’s geometry is represented by Ai, where
i ∈ {1, 2, · · ·, N}, with its 2D position and goal given
by pi ∈ Xfree, and gi ∈ Xfree, respectively. Besides,
we consider that robots are capable of communicating with
their neighbors. For each time step t, we can mathematically
express the safe navigation problem for robot i as follows:

argmin
π

||pi(t)− gi|| (1)

A(pi(t)) ∩ A(pj(t)) = ∅ ∀i, j, i ̸= j ∀t (2)
A(pi(t)) ∩ Xobs = ∅ (3)

Here, pi(t) represents the position of the robot i at time
t. The objective is to learn a policy π to navigate the robot,
that minimizes the robots distance to the goal (1) while
maintaining a safety distance from other agents (2) and
obstacles (3).

B. Assumption

In this work, we assume disk-shaped robots and that
any pair of robots can communicate with each other. The
communication follows a request-reply framework, that is, an
agent requests its neighbor for information and the neighbor
responds with the message vector. We assume this inter-agent
communication is fast and is executed within the planning
cycle, and it is assumed that the neighbor will always respond
with the requested message.

C. Robot State

Following the definition from [10], the agent’s state si =
[soi , s

h
i ] comprises a component observable by its neighbors

(soi ) and a component hidden to them (shi ). The observable
component soi consists of the agent’s position, velocity, and
radius, while the hidden component shi includes the agent’s
goal, preferred speed, and the current orientation. There-
fore, we represent them as: soi = [px, py, vx, vy, r], s

h
i =

[gx, gy, vpref , ψ].
Using this, the ego-agent state for network input includes

its distance to the goal, preferred speed, orientation, and
radius, and is given by

sego = [||gi − pi||, vprefi , ψi, ri]. (4)

The neighbor state information for an ego-agent includes
their positions (p̃j) , velocities (ṽj) w.r.t the ego frame, radii,
inter-agent distances (da), and combined radii denoted as

sobsj = [ ˜pxj , p̃yj , ˜vxj , ṽyj , rj , da, ri + rj ]. (5)

In addition, in our approach, we include the occupancy
map information and communicated message as an input to
the network for navigation.

1) Occupancy Map (mocc) : We use an occupancy grid
map to represent the static obstacle information in the
environment. The robot is centered on the occupancy map,
and the orientation of the map is aligned with the robot’s
orientation.

2) Communicated States: Moreover, an ego agent can
request its neighbors for information to improve its decision-
making. To enable this, each agent encodes its state infor-
mation in a fixed-length vector, which can be shared with
the neighbor upon request.

D. Action Space

Similar to [10], we consider speed and change in angle
as actions, i.e., ui = [vi,∆ψi]. Our action space is set of
27 actions varying based on speed and a change in angle.
Here, ∆ψi ∈ {0,± π

24 ,±
π
12 ,±

π
8 ,±

π
6 } and vi ∈ {0.0, 0.5 ·

vpref , vpref}.

E. Vision Transformer

Vision transformers (ViTs) [36] are transformer architec-
tures employed for image processing tasks. They segment
an image into fixed-size patches, which are then linearly
transformed to generate a sequence of embeddings for a
transformer model. In this paper, we leverage a ViT to encode
the input occupancy grid map.
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Fig. 1: Network Architecture: Our network takes the local oc-
cupancy map (omap), the agent’s state (sego), and the observable
states of the neighbors (sobs) as inputs. The occupancy map and
neighbor state inputs are encoded and combined with the agent’s
state to form the observable state encoding. This encoding serves as
input for message generation and for the actor and critic networks.
Additionally, the message received through selective communica-
tion is encoded into a fixed-length vector by the message aggregator.
Furthermore, for the critic input, an encoding of messages from all
neighbors is utilized. The message aggregator, employed for both
critic input and for aggregating selected messages for actor input,
shares the network weights.

IV. NETWORK ARCHITECTURE

At a high level, our network leverages local environ-
mental information, including the occupancy map, its state,
and neighbors’ observable state information, to guide its
navigation decisions. In addition to this local information,
the network selects relevant neighbors by learning whom
to request messages to enhance navigation. In this section,
we describe our network architecture and reward structure.
Figure 1 illustrates our network architecture.

A. Occupancy Map Encoding

Our network employs a binary occupancy grid map (mocc)
of 3m × 3m to represent the static obstacles within the
local environment. Each cell in the occupancy grid map is
represented by mocc(u, v). The grid cell denoting free space
is assigned a value of 0, whereas those indicating an obstacle
are assigned a value of 1. We apply distance transformation
to the binary occupancy map, converting it to an output
map with each grid cell containing the distance (in the grid
cell) to the closest obstacle cell. We represent the resulting
map by dobs.(mocc). Subsequently, we transform the value
of each grid cell to a continuous value between 0 and 1
using the following exponential function, which can be seen
as a measure of collision probability [37]. Thus, the resulting
occupancy map

oocc(u, v) = exp−dobs.(m
occ.(u, v))2

σ2
obs.

∀(u, v) ∈ mocc

Here, σobs. represents a user-defined constant dictating the
rate at which the value transitions between 0 and 1 in
response to the distance from an obstacle.

We utilize a visual transformer (ViT) to encode this oc-
cupancy map information into a fixed-length representation.
Our occupancy map, comprising 30×30 cells, is divided into
25 patches, each measuring 6×6 cells. Each patch undergoes
linear transformation, projecting it into a 128-dimensional
vector—a compact encoding of the patch.

These encoded patch vectors serve as the input for
the Transformer encoder, which comprises two transformer
blocks, each with 16 attention heads. Subsequently, we apply
global average pooling to the transformer output to get an
encoded vector representing the occupancy map information,
represented by eocc..

B. State Encoding

At any given time step, the number of agents within the
sensing radius of the ego-agent can vary. To accommodate
this variability, we employ multi-head self-attention to en-
code the observed state information from all neighboring
agents into a fixed-length representation. The set of neighbors
for an agent i is given by N i = {j | j ̸= i, ||pj −pi|| <
rneighbor}, The input sequence comprises the observable
states of its neighbors, denoted as sobsi for each neighbor
i in the set N , followed by the observable state computed
for ego agent relative to itself sobsego.

Each element in the sequence is projected into three 128-
dimensional input vectors, serving as the input for the query,
key, and value in the multi-head self-attention module. We
use a self-attention layer with 10 heads and compute an
encoding for each vector in the input sequence by attending
to other vectors in the sequence. The encoded vector cor-
responding to the ego-state vector is used as the encoded
representation of the observed neighbor information. The
neighbor encoding is represented by eobs.

The ego agent considers the robot’s state (sego), its neigh-
bors’ state, and the static obstacles to compute a suitable
action. The sego, eobs, and eocc together result in a fixed-
length vector that represents the local information of the ego
agent, which we refer to as the observed state encoding.

C. What to communicate: Message Generation

In decentralized methods, each agent has access to ob-
servable state information of its neighbors, such as their
position, velocity, and radius, which can be obtained through
sensing. However, they generally lack information about
their neighbor’s navigation intent, including the neighbor’s
goal information, their preferred velocity, and their local
environments comprising other agents and static obstacles.
This information is crucial for understanding the neighbor’s
motion intent and, in turn, influences the navigation decision
of the ego agent. Therefore, the message communicated by
an agent should effectively encapsulate its state information
to assist the receiving neighbor in making informed deci-
sions.

Hence, to generate a relevant message to communicate
with neighbors, we encode the current state information of
the agent, containing its occupancy map, observed neighbor
states, and both observable and hidden components of its
ego state, into a concise vector of size 32 (em). This input
information is in the ego-centric frame of the robot and is
transformed through three fully connected layers to produce
a concise fixed-length representation, this transformation is
learned during training from the reward structure. Conse-
quently, the message acts as an abstraction of the agent’s
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own state and its local surroundings, and can be shared with
neighboring agents upon request. In our implementation, the
message from the previous time step is communicated.

D. Message Aggregation

Let Ci denote the set of neighbors from which the ego-
agent has requested the message, and let smj denote the
neighbor messages, where j ∈ Ci. Upon receiving messages
from its neighbors, the ego-agent encodes all messages
into a fixed-length representation. Since the communicated
messages originate from the local frame of each neighbor, we
augment each message vector with the observed state infor-
mation of the respective neighbor in the ego-agent frame,
resulting in [sobsj , emj ]. These augmented message vectors
are then processed through three dense layers to create an
encoding, serving as the query, key, and value inputs to the
self-attention layer. This sequence of augmented message
vectors is then processed through a message aggregator based
on self-attention. The resulting output encoding represented
by ecomm, is an abstraction of all received messages from
the neighbors.

E. Whom to Communicate: Selective Communication

To enhance communication efficiency, each agent au-
tonomously decides when and which agent to communicate
with at each time step. To identify relevant neighbors for
communication, we use an encoding of the robot’s local
environmental information and formulate the selective com-
munication problem as a link prediction task. Specifically,
we compute an encoding of each neighbor’s observed state
information through self-attention, then augmenting it with
the occupancy map encoding oobs computed earlier. Sub-
sequently, this augmented encoding for each neighbor is
passed through a sequence of two fully connected layers. The
output of the final layer consists of two nodes, with softmax
serving as the activation function. This final output provides
the probability of a communication link being relevant for
navigation, where one node indicates the probability of a link
(plink) and the other node denotes 1− plink.

Hence, for all neighbors, the ego agent i predicts the
probability of a communication link. We represent this set of
selected neighbors for communication as Ci, where Ci ⊂ Ni.
The agent i sends a communication request to the selected
neighbors j ∈ Ci and receives the generated message from
the neighbor. The received sequence of messages can be
represented as, {emj } ∀j ∈ Ci.

F. Critic Input

The critic network uses the local information of the
robot, i.e. the observed state encoding, and in addition, the
information from all neighboring robots to learn the value
function. When training with a large number of agents, the
state information from all the agents could make the input
to the critic very large and training slower. To reduce this,
the critic receives an encoded version of the neighbors’ state
information (generated messages, i.e., {emj } ∀j ∈ Ni), which
is then converted to a fixed-length encoding with the message

aggregator to be used as the critic’s input. The message
aggregator shares its network weights with the aggregator
used to encode the selectively communicated messages.

G. Reward Structure

Our reward structure is designed to incentivize desired
behavior by positively reinforcing goal attainment while
discouraging collisions, excessive communications, and jerky
motion. Given the complex navigation problem we consider,
it is challenging to learn a good policy with sparse rewards.
Therefore, we use a mixture of sparse and dense terms, which
are utilized to during training learn the navigation behavior.

1) Goal Reaching: We reward goal reaching by providing
a one-time reward of rg(s, a) = +0.75 when the agent
reaches the goal. Additionally, at every time step, we reward
the robot’s progress towards the goal. Our progress reward
is given by,

rp(s, a) = 0.25 ∗
dt−1
g − dtg
d0g

,

where dtg, d
t−1
g is the distance to goal at time step t and t−1

respectively. And d0g denotes the initial distance to the goal.
The progress reward is such that when the robot reaches the
goal (i.e., dNg = 0) the summation of the progress reward
over the time steps and the goal reward, ideally sums to 1.
That is,

rg(s, a) +

N∑
rp(s, a) = 0.75 + 0.25 ·

N∑ dt−1
g − dtg
d0g

= 1.

2) Penalizing Collisions: In cases of collisions with either
walls or other agents, we penalize the agent with rc = −0.50.
Furthermore, to discourage the agent from navigating too
closely to obstacles, we impose a penalty of rprox. =
−0.1−dobs if the distance to the nearest obstacle falls below
a threshold of 0.2m, otherwise rprox. = 0.0.

3) Penalize Jerky Motion: The action reward penalizes
large angular deviations between time steps. The action
reward is given by, ra(s, a) = −0.005 ∗∆θ2.

4) Penalize Excessive Communication: The communica-
tion reward limits the number of other robots an ego-robot
communicates with. At each time step, the communication
reward is given by, rc(s, a) = −0.0005 · nc. The overall
reward is given below.

R(s, a) = Icoll. ·rcoll.+(1−Icoll.)·(rp+rg+ra+rc+rprox) (6)

Where, Icoll is an indicator function that turn 1 when in
collision and 0 otherwise.

V. EVALUATIONS

In this section, we present our experimental setup and the
evaluation of our method against other prior state-of-the-art
methods.
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(a) Intersection (b) Corridor (c) Random Obstacle

Fig. 2: Training environments

A. Training Setup

Our method was trained on an Intel Xeon 4208 CPU with
32 GB RAM and an Nvidia GeForce RTX 2080 Ti graphic
card. We use TensorFlow and Python for the deep learning
implementation. We build on the gym-collision avoidance
and GA3C-CADRL package [12] to implement our method
and to run our evaluations.

We use GA3C, an actor-critic method for training our
network. We train the network in multiple stages, by gradu-
ally increasing the scenario complexity. Initially, the network
undergoes training in a scenario involving 2 agents for the
first 200k episodes. Subsequently, it proceeds to train until
convergence with 4 agents. Finally, the network is trained
with 8 agents until convergence. We use different static maps
for our training process. The scenarios ranges from free
space, intersection (Fig. 2-a), narrow passage (Fig. 2-b), and
sparsely distributed obstacles (Fig. 2-c). Our real-world setup
uses TurtleBots, and we use ROS topics to communicate
between the agents. The robot uses AMCL package1 for self-
localization, and their observable states are communicated to
other robots using ROS topics.
B. Evaluation Metrics

We compare our method against prior decentralized
baselines including ORCA [18], CADRL [10], GA3C-
CADRL [12] in the following evaluations. We evaluate
performance using the following metrics:

• Success Ratio (SR): The ratio of robots that success-
fully reached their goal without collisions.

• Collision Ratio (CR): The ratio of robots that collided.
• Timeout Ratio (TR): Proportion of agents that neither

collided nor reached their goal within 500 time steps.
• Overall Time to Goal (T total

g ): The time step at which
all agents have successfully reached their goals without
any collisions.

• Agent Time to Goal (T agent
g ): The average time

required for an agent to reach its goal location.
• Path Ratio: The ratio between the length of an agent’s

actual path to its goal and the straight-line path length
to the goal.

• Normalized Communication Request (NCR): The ra-
tio of communication requests generated by the network
for an agent compared to the maximum number of
requests possible under a full communication policy
(such as broadcast).

C. Evaluation Scenarios

We evaluate the proposed method against selected baseline
approaches across various scenarios to assess their navigation

1http://wiki.ros.org/amcl

Agents Method SR CR TR Ttotal
g Tagent

g Path Factor (↓)

4 ORCA [18] 1.00 0.00 0.00 145.50 144.93 1.00
CADRL [10] 1.00 0.00 0.00 157.90 156.65 1.14
GA3C [12] 1.00 0.00 0.00 142.40 141.35 1.03

PM* 1.00 0.00 0.00 150.8 147.9 1.07

8 ORCA [18] 1.00 0.00 0.00 177.6 176.8 1.01
CADRL [10] 1.00 0.00 0.00 157.90 154.11 1.14
GA3C [12] 1.00 0.00 0.00 143.70 142.37 1.04

PM* 1.00 0.00 0.00 151.00 148.52 1.07

16 ORCA [18] 1.00 0.00 0.00 207.40 176.65 1.23
CADRL [10] 1.00 0.00 0.00 164.90 152.08 1.19
GA3C [12] 0.33 0.67 0.00 - - -

PM* 1.00 0.00 0.00 166.00 158.81 1.10

32 ORCA [18] 0.71 0.19 0.00 260.5 189.63 1.54
CADRL [10] 0.98 0.00 0.00 185.63 160.90 1.29
GA3C [12] 0.00 1.00 0.00 - - -

PM* 1.00 0.00 0.00 188 175.88 1.15

50 ORCA [18] 0.47 0.33 0.20 - - -
CADRL [10] 0.94 0.06 0.00 220 172.52 1.49
GA3C [12] 0.00 1.00 0.00 - - -

PM* 0.99 0.01 0.00 215.2 189.96 1.19

TABLE II: Circle Scenario: The table presents a comparative
analysis of our method against various baseline approaches across
different navigation metrics. The complexity progressively increases
as we increase the number of agents in the scenarios, causing
congestion near the center of the circle. We observe that the
proposed method (PM*) consistently results in the best path factor
and success rate. Additionally, the time to goal in these scenarios
is either the best or closely rivals the best results achieved.

performance.
1) Circle Scenario: In this scenario, robots are evenly

distributed along the circumference of a circle, each tasked
with moving to its diagonally opposite position. To introduce
diversity in start and goal configurations, we introduce a
small noise to the (x, y) coordinates of both start and goal
locations. For this evaluation, we consider between 4 and 50
agents and we tabulate the results in Table II. We observe
that the proposed methods result in the best success rate
across all the test cases. Moreover, in cases with 16 or more
agents, it results in the best path factor, and total time to goal
as well.

2) Formation Scenario: In this case, we have 16 robots
arranged into a 4 × 4 grid. The formation task is such that
the agent at (row,column) swaps its position with agent
at (n-row+1,n-column+1). In table III, we tabulate the
the evaluation metrics for robot radii varying between 0.4m
to 0.6m, thereby increasing the scenario density. We observe
the proposed method results in the highest success rate.

3) Static Obstacles: We evaluate our method in a sce-
nario with 32 robots moving in an environment with static
obstacles. The robots leverage their local occupancy map
information to guide their navigation around these obstacles.
In figure 3, we illustrate the resulting trajectories in this
scenario where our method navigates the robots around the
static obstacles and other robots safely. In Figure 4, a real-
world implementation of two robots operating in a static
environment is presented.

D. Selective Communication

To evaluate the efficacy of selective communication, we
tabulate the likelihood of communication relative to the
distance to a specific neighbor. For this analysis, we collected
data points from multiple runs of the evaluation in the circle
scenario. Particularly, the data points include the agent’s
distance from its neighbor and whether it requested to
communicate. We then discretized the inter-agent distances
to the nearest integer and use them as intervals. We ensure a

7699



(a) t = 5s (b) t = 15s (c) t = 25s (d) t = 35s (e) t = 45s

Fig. 3: Snapshots of 32 agents navigating toward their respective goals within an environment with multiple static obstacles (depicted in
black). The proposed method effectively guides each robot to its goal, avoiding collisions with both static obstacles and other agents.

(a) t = 5s (b) t = 15s (c) t = 25s (d) t = 35s (e) t = 45s

Fig. 4: Real-world Navigation: The scenario involves two robots navigating to interchange their positions amidst static obstacles in the
form of table and traffic cones. The robots successfully navigates by avoid collisions with the static obstacles (table) and the other robot.

Radius Method SR CR TR

0.4 ORCA [18] 0.00 0.00 1.00
CADRL [10] 0.38 0.56 0.06
GA3C [12] 0.00 1.00 0.00

PM* 1.00 0.00 0.00

0.5 ORCA [18] 0.00 0.00 1.00
CADRL [10] 0.44 0.25 0.31
GA3C [12] 0.00 1.00 0.00

PM* 1.00 0.00 0.00

0.6 ORCA [18] 0.00 0.00 1.00
CADRL [10] 0.43 0.31 0.25
GA3C [12] 0.00 0.00 1.00

PM* 1.00 0.00 0.00

TABLE III: Formation Scenario: The table presents the success
ratio (SR), collision ratio (CR), and timeout ration (TR) for the
formation scenario with 16 agents. As the agent radius increases,
the scenario becomes more dense. ORCA results in a deadlock
due to the highly symmetric nature of this scenario. The proposed
Method (PM*) shows the best performance, resulting in 2× better
success rate than the second best. We highlight that the network
was not trained in this scenario during the learning phase.

minimum of 1000 data points for each interval to maintain
statistical significance. The table illustrates the fraction of
instances within each distance bin where communication is
requested, interpreted as the likelihood of communication.
In Table IV, we observe a correlation between inter-agent
distance and the decision to communicate. The likelihood is
highest when agents are in close proximity, while still lower
compared to broadcasting, where the likelihood is 1.

Additionally, we investigate the impact of inter-agent
distance and velocity on the communication decision-making
process. To gain deeper insights, we use a scenario involving
two agents, each with a radius of 0.25 meters, and analyze
two distinct cases:

• Case 1: Agent 1 begins at position (0, 0) and navigates
to a goal at (0, 4), while Agent 2 starts at position (x, 0)
and navigates to (x, 4). Consequently, the agents move
nearly parallelly, maintaining an inter-agent distance of
approximately x− 0.5m.

• Case 2: Agent 1 maintains the same initial and goal
positions as in Case 1, while Agent 2 starts at position
(x, 4) and moves to (x, 0), resulting in the agents
moving in opposite directions.

Considering two values for x (2m and 3m) and two values

Inter-Agent Distance Communication Likelihood
1 0.67
2 0.50
3 0.23
4 0.25
5 0.22
6 0.23
7 0.17

TABLE IV: We tabulate the communication likelihood of our
method with respect to inter-agent distance with the neighbor. We
observe our network communicates more when inter-agent distance
is low. While for inter-agent distance more than 2m, it averages
around ∼ 20% of the time.

(a) Case 1 (b) Case 2

Fig. 5: Correlation Analysis: We consider two scenarios, one
where two agents move in parallel in the same direction and another
where they move towards each other. Our observations indicate that
with a decrease in inter-agent distance, there is a corresponding
increase in the likelihood of communication in the network.

for agent velocity (1m/s and 0.2m/s), we compare the
normalized communication requests generated in our method
for these cases. The results are illustrated as a heatmap in
Fig. 5. We observe that the inter-agent distance largely
affects the communication decision. The normalized com-
munication request (NCR) is higher when the agents are
in close proximity. For instance, in Case 1, the NCR drop
by more than half when x is increased from 2m to 3m.
Similarly, in Case 1, when the agent velocity in reduced
from 1m/s to 0.2m/s, the NCR is reduced by ∼ 10%. In
Case 2, we observe a similar trend with respect to x, but
when the velocity is decreased the NCR is seen to increase.

VI. CONCLUSION AND FUTURE WORK

We presented a deep reinforcement learning (RL) method
for dense multi-robot navigation in complex scenarios. Our
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method learns to navigate effectively and to communicate
intelligently, determining what information to convey, when
and whom to communicate with. Our approach is shown
to outperform existing state-of-the-art methods, particularly
in navigating through complex scenarios. Furthermore, we
conducted experiments using a small group of ground robots
to validate our method’s efficacy in real-world settings. Sim-
ilar to other learning-based approaches, a limitation of our
work is that we cannot provide guarantees regarding safety
or navigation performance. As a direction for future research,
we aim to explore the impact of the communication vector’s
size on the overall navigation performance. Additionally, we
are interested in understanding the semantics of the learned
communicated messages.
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