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Abstract— In this article, we propose a novel communication-
based action space enhancement for the D-MARL exploration
algorithm to improve the efficiency of mapping an unknown en-
vironment, represented by an occupancy grid map. In general,
communication between autonomous systems is crucial when
exploring large and unstructured environments. In such real-
world scenarios, data transmission is limited and relies heavily
on inter-agent proximity and the attributes of the autonomous
platforms. In the proposed approach, each agent’s policy is
optimized by utilizing the heterogeneous-agent proximal policy
optimization algorithm to autonomously choose whether to
communicate or explore the environment. To accomplish this,
multiple novel reward functions are formulated by integrating
inter-agent communication and exploration. The investigated
approach aims to increase efficiency and robustness in the
mapping process, minimize exploration overlap, and prevent
agent collisions. The D-MARL policies trained on different
reward functions have been compared to understand the effect
of different reward terms on the collaborative attitude of the
homogeneous agents. Finally, multiple simulation results are
provided to prove the efficacy of the proposed scheme.

I. INTRODUCTION

Autonomous systems are widely used in the collaborative
exploration of large-scale environments, where approaches
to address specific situations, concerning public safety and
Search and Rescue (SAR) operations, should thoroughly
examine the agents’ ability to operate independently of
human supervision, their overall centralized or decentralized
orchestration, as well as their adaptability and reactivity
towards different and time-varying operating scenarios. Tack-
ling this problem, through a centralized strategy, is extremely
challenging and unreliable, as the mission’s success relies on
the central node’s ability to communicate with other agents.
Conversely, using a decentralized framework is intriguing
as it allows the agents to make independent decisions and
share their knowledge of the environment. When dealing
with real-life missions, the assumption that communication
is always feasible and for any distance between the agents is
unrealistic, while additionally it should be considered that the
demand for good communication links could further impair
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the battery life of the exploring robots. For these reasons,
it is essential to have an event-based (when needed and
possible) communication strategy so that the information
sharing between the agents can significantly improve the
execution of the exploration task.

A. Related works

Many approaches for implementing multi-agent explo-
ration have been proposed over the years [1]. Among the
classical strategies, frontier-based algorithms are ubiquitous
[2]–[6]. Nevertheless, most of these methods rely on a
central node for assigning agents to various goals, assuming
satisfactory communication among these elements. Other
papers focus on different non-learning approaches, such as
[7] which proposes a novel online coverage algorithm that
exploits a new Back Tracking Points (BTP) detection scheme
and Boustrophedon motion.

In contrast, the main novelty introduced by learning-based
approaches lies in their ability to adapt obtained policies
to similar environments, without requiring parameter tuning
or modifying the algorithm structure. The method proposed
in [8] individuates frontier points and assigns them a cost
according to the history of the exploration process. However,
some articles have focused on applying reinforcement learn-
ing (RL) to multi-agent exploration as in [9]–[11]. In this
case, the approach uses RL to implement the policy needed to
choose the relevant locations that should be reached through
policy search by dynamic programming [12]. Furthermore,
[13] exploits dynamic Voronoi partitions to assign different
areas to the various robots to avoid overlapping, while [14]
proposes a frontier-based method that relies on a central-
ized training and decentralized architecture (CTDE) and the
policies are trained using the multi-agent deep deterministic
policy gradient (MADDPG) algorithm. [15] suggests a tech-
nique similar to the one mentioned in [14], but it models the
environment as a topological graph and proposes H2GNN,
which is a cooperative decision-making framework. Finally,
[16] explores an approach blending reinforcement learning
with target neural networks and the prioritized experience
replay to plan the movements and multi-agent collaboration.

Classical approaches are easy to implement but often
fail to meet performance constraints, while learning-based
methods can enhance performance through experiential data
but typically rely on continuous or regular inter-agent com-
munication [17]–[20].
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(a) Arena with obstacles (b) Agent’s local map (c) Agent’s transmission map (d) Agent’s global map

Fig. 1: The environment is represented as a 2D grid map, wherein the free, occupied (with obstacles), and undiscovered grids are denoted by white, orange, and grey cells,
respectively. The agents are denoted by □ markers with colors red, green, blue, black, and purple. Fig. 1a depicts the completely known arena showing the free and occupied
cells. Each agent has its own local and global maps as shown for the red agent in the following sub-figures. Indeed, Fig. 1b shows the red agent’s local map. While, the
communication network and communication covered area of the red agent are shown in Fig. 1c by the yellow ellipse and shaded area, respectively. Fig. 1d shows the red agent’s
global map, obtained after blending the local maps of the communicating agents, namely the green and red ones.

In this research and for the first time, to the authors’ best
knowledge, we are adding communication as an element
in the action space so that the homogeneous agents can
choose whether to communicate according to a cluster-based
approach or to explore. That is accomplished by training the
agents’ policies through reward functions that consider inter-
agent communication and efficient exploration. As such, the
novel contributions of this article can be stated as:

• We propose a novel decentralized multi-agent reinforce-
ment learning (D-MARL) architecture with inter-agent
communication integrated into the action space and a
unique map-based observation space.

• We propose a communication strategy, based on com-
munication clusters, to choose the nearby agents for
efficient transfer of knowledge of the environment.

• We propose and investigate the effectiveness of different
reward functions to study the efficacy of communication
in action space.

II. METHODOLOGY

We formulate the multi-agent exploration problem as a
Partially Observable Stochastic Game (POSG), defined by
<I,S, {µ}, {Ak}, {Ok}, {rk}, {T }>, since the agents can-
not sense the actions chosen by the other agents, where:

• I = {ik, k ∈ N | 1 ≤ k ≤ n} represents the finite
set of the n homogeneous agents interacting within the
environment. At each time step, an agent occupies a grid
cell, detects cells within a rectangular neighborhood
of padding rd, and communicates directly with agents
within a communication range rc.

• S represents the finite set of states, where each state
comprises a global map that includes all agents’ dis-
coveries and their current positions.

• {µ} represents the initial state distribution and the
probability of one agent being initialized in an occupied
cell is zero, otherwise, it follows a uniform distribution.

• {Ak} and {Ok} represent respectively the finite set of
actions and observations associated with agent ik.

• {rk} is the reward function associated with the agent ik

• T denotes the probability that taking joint action at in
state st results in a transition to a new state st+1 and
joint observation ot+1.

Fig. 2 shows the investigated architecture, featuring four
agents in the exploration arena.

A. Exploration arena and the agent’s representation of the
surroundings

The exploration arena, as depicted in Fig. 1a, is an n× n
occupancy grid M with cells of dimension l × l. During
exploration, every cell mi,j is assigned a state value from
H = {0, 1, 2}, indicating whether it is free, occupied, or
unexplored. For complete environmental mapping, all free
cells must be connected. To achieve the optimal course of
action, each agent uses two environment maps and a third
map including the agents’ positions with which it can directly
communicate as illustrated by Fig. 1 and defined as follows:

• Local mapMik,local is an occupancy grid with a global
reference frame that contains only the information gath-
ered from the agent’s exploration.

• Global map Mik,global collects the local observations
and the information gathered by the other agents when-
ever a communication link is established.

• Transmission map Mik,trans includes the positions of
agents reachable via direct communication.

B. Communication strategy

Agents within the same communication cluster can ex-
change global maps through direct communication if they
are within each other’s range, or indirectly through a chain
of directly communicating agents. Let C ⊆ I be a commu-
nication cluster, then the merged maps are assigned to the
agents’ global maps according to Eq. (1).

Mik,global =
⋃
ij∈C
Mij ,global ∀ ik ∈ C (1)
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Fig. 2: Proposed decentralized multi-agent reinforcement learning architecture for
exploration. The occupancy grid depicts the environment with obstacles (black) and
free cells (white), while the positions of the agents are outlined by the colored cells.
Furthermore, the components of each agent are shown, namely the agent-based policy
(πk) and the shared critic (V ). To simplify the notation, in this figure the agent ik’s
action a

ik
t , observation o

ik
t and reward r

ik
t at time t have been abbreviated as ak

t ,
okt , rkt , respectively.

C. Agents’ learning algorithm

The policy optimization algorithm Heterogeneous-Agent
Proximal Policy Optimisation (HAPPO) algorithm [21] is
based on a multi-agent sequential update method. In this
algorithm, there are two essential elements for each agent: a
shared critic (V) and a non-shared policy (πk). As indicated
by [21], HAPPO works by progressively updating both the
parameters of the agents’ policies and of the shared critic
function for z ∈ [1..Z] steps, where Z is the number of
episodes, each one consisting in T steps per episode. The
algorithm iterates over each episode and stores in the re-
play buffer some samples {(st, oikt , aikt , rt, st+1, o

ik
t+1), ik ∈

I, t ∈ [1..T ]} from the trajectories that are generated by the
joint policy πθk = (π1

θ1
k
, . . . , πn

θn
k
). Subsequently, a batch of

size B is extracted from the replay buffer and the advantage
function Â(s,a) is computed using the critic network with
GAE and setting M i1(s,a) = Â(s,a). Then each policy
parameters are updated according to Eq. (2).

θikz+1 = argmax
θ

(
1

BT

B,T∑
b=1
t=0

min

(
πik
θik

(aikt |o
ik
t )

πik

θ
ik
z

(aikt |o
ik
t )

M i1:k(st,at),

clip

(
πik
θik

(aikt |o
ik
t )

πik

θ
ik
z

(aikt |o
ik
t )

, 1± ϵ

)
M i1:k(st,at)

))
(2)

where, b ∈ [1..B] and t ∈ [0..T ].

M i1:k+1(s,a) =

πik

θ
ik
z+1

(aik |oik)

πik

θ
ik
z

(aik |oik)
M i1:k(s,a) (3)

After all agents’ policy parameters are improved, the value
network parameters are updated according to Eq. (4).

ϕz+1 = argmin
ϕ

1

BT

B,T∑
b=1
t=0

(
Vϕ(st)− R̂t

)2

(4)

D. Action and observation space

One of the contributions of this work concerns the def-
inition of the action space as given in Eq. (5) and (6).
In conventional approaches, the actions associated with a
movement could have 8 directions: up (↑), up-right (↗), right
(→), down-right (↘), down (↓), down-left (↙), left (←) and
up-left (↖). In addition to movement actions, we propose
two stationary actions: stay for remaining in place, and comm
for enabling inter-agent communication as described in II-B.

at = (ai1t , ..., aint ) (5)

aikt ∈ Ak = {↑,↗,→,↘, ↓,↙,←,↖, stay, comm} (6)

Each agent’s observation is a 3D matrix comprising its
local, global, and transmission maps, as defined in II-A. Fig.
3 demonstrates how these observations are generated for four
agents after various actions.

E. Reward and penalization terminology

To optimize non-repetitive exploration and enhance
cluster-based communication among agents, we propose and
compare various agent-based reward functions that can in-
corporate the following terms evaluated at time t:

• The exploration reward rik,expt is designed to persuade
the agents to explore new grids compared to their global
map. This term is described by the following expression:

rik,expt =
∆Mik,global

emax
(7)

where ∆Mik,global denotes the number of grid cells that
have been explored by the agent in the given time step
and that increases its knowledge about the environment.
The parameter emax is computed according to Eq.
(8) and denotes the maximum possible increase in
environmental knowledge per step, depending on the
detection range rd, and cell size l.

emax = 2
(
2
rd
l
+ 1
)
− 1 = · · · = 4

rd
l
+ 1 (8)

• The communication reward rik,comt , as defined in Eq.
(9), incentivizes agents to share exploration knowledge.
The parameter wik makes this term different from zero
only if the agent ik communicates. In this case, the
reward is proportional to the increase in knowledge
due to communication within the cluster, cik,global,
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Fig. 3: Creation of the agents’ observations resulting from the execution of their actions within the environment. Specifically, agent i1 (orange) performs one step upwards.
agent i2 (red) and agent i3 (green) communicate, and agent i4 (blue) stays in the same position. Agent i1’s local map shows that the known area is enlarged after the action
is executed, while agent i4’s local map does not change since it keeps its position. Agents i2 and i3 global maps are instead merged since the two agents can communicate.
The resulting map is assigned to both agents. The collections of local, global, and transmission maps are the observations given to the agents.

divided by the number of the remaining unknown grids
nunknown.

rik,comt = wik

cik,global
nunknown

(9)

• Different types of penalizations: rik,rept = r∗rep dis-
courages agents from remaining stationary unless they
are communicating, rik,bout = r∗bou if the agent ik
occupies a cell near the exploration arena boundary,
and rik,ndit that diminishes by r∗ndi as rik,expt is lower
than r∗exp to emphasize the value of actions that expand
environmental knowledge.

F. Synthesized reward functions

To evaluate the impact of including communication in the
action space, various reward functions are formulated based
on the terms described in II-E.

• Case 1: The reward function formulated in Eq. (10)
considers only the contribution of exploration and not
inter-agent communication.

rikt = rik,expt + rik,rept + rik,bout + rik,ndit (10)

• Case 2: The objective function presented in Eq. (11)
is analogous to Case 1, but with the addition of the
communication term. As mentioned in II-E, this con-
tribution to the reward prioritizes communication when
its effect is to expand the agents’ knowledge avoiding
useless transmissions of data.

rikt = rik,expt +rik,comt +rik,rept +rik,bout +rik,ndit (11)

• Case 3: A refined reward function is proposed by
multiplying the communication reward in the objective
function in Case 2 by a parameter pk formulated as per
Eq. (12).

pikt =
∆Mik,global(previous step)

emax
+ 0.6 (12)

This coefficient accounts for the number of cells ex-
plored in the previous step. Thus, the reward function

is fully expressed by Eq. (13).

rikt = rik,expt + pikt rik,comt + rik,rept + rik,bout + rik,ndit

(13)
• Case 4: In this reward function, the coefficient pikt

included in Case 3 is reformulated as per Eq. (14)
with the average number of grids explored by the agent
since its last communication with agents in the same
communication cluster.

pikt =
1

N − 1

∑
ij∈I,ij ̸=ik

wij qij oik,ij
n2

+ 0.8 (14)

In this formulation, the variable qij takes the value 1
if the agent ij participates in the same communication
cluster as agent ik. The term oik,ij stands for the number
of discoveries performed by agent ik since the last
communication with agent ij . Moreover, in this version,
the boundary and negative exploration terms are not
present, and the denominator of the communication
reward rik,comt is emax.

rikt = rik,expt + pikt rik,comt + rik,rept (15)

However, if an agent selects an action resulting in a collision,
the assigned penalization is r∗col.

III. SIMULATION STUDIES

A. Experimental setting

The training and testing of the agents’ policies are per-
formed in a Ubuntu 20.04.6 LTS Computer with 32 13th Gen
Intel® Core™ i9-13900K and an NVIDIA GeForce RTX
4090. In particular, the policies’ neural networks training has
been done using samples from environments with different
obstacles and starting positions for the agents. The learning
rate has been set for the actor and critic networks at 5×10−4

and the number of epochs for update is set to 5. The policies
have been trained on Z = 10,000 episodes, each episode
has T = 200 and the batch size is B = 1. Meanwhile,
evaluation is performed every 25 training steps. Overall, the
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TABLE I: Metrics on the study cases

nsteps J IG robustness

Mean Std Mean Std Mean Std Value

Study case 1 588.75 189.79 0.26 0.10 365.50 61.87 0.48
Study case 2 453.25 204.78 0.27 0.05 573.67 149.16 0.64
Study case 3 462.29 187.19 0.24 0.04 701.50 - 0.92
Study case 4 416.39 160.31 0.25 0.04 445.23 216.11 0.92

environment has been modeled using the PettingZoo library
and the Parallel API [22]. After multiple evaluations, the
following values were chosen for the terms in the reward
function: r∗rep = −1, r∗bou = −1, r∗col = −10, r∗ndi = 0.2,
r∗exp = 0.3. Meanwhile, the parameters of the environment
and agents have been set as n = 50, l = 0.5, rd = 1, rc = 5.

B. Metrics

The following metrics have been used to evaluate and
compare the different case studies mentioned in III-A:

• The number of steps nsteps required by the agents to
map the environment considering that exploration is
deemed successful when p = 90% of the obstacle-free
grids are covered.

• The efficacy of the agents’ collaboration is estimated
from the overlap between their local maps using the Jac-
card similarity coefficient [23]. This metric is computed
at the end of the exploration process as the average
Jaccard index across all pairs of agents’ local maps as
per Eq. (16).

J = 2

∑
ik∈I

∑
ij∈I, j>k J(Mik,local,Mij ,local)

|I| × (|I| − 1)
(16)

• The effectiveness of communication is measured by the
amount of information shared among agents within the
same cluster, denoted as IG.

• The robustness of the trained policies when dealing with
different environments.

C. Results

The study cases have been evaluated in 25 environments
with different obstacles. Fig. 4 (b) shows that the cases that
implement a communication term in the reward function
manage to achieve the exploration in fewer steps compared
to study case 1. Study case 2 lowered the median number of
steps by over 100 compared to the no-communication case
but had a wider interquartile range due to sparse data. Study
case 3 improved data density and reduced the interquartile
range. Finally, study case 4 achieved the best performance
by further reducing the median number of steps. The episode
rewards obtained during the training, as shown in Fig. 4
(a), shows that cases 2 and 4 converge more swiftly than
the others, while case 1 appears to be the slowest one in
reaching the convergence. Tab. I indicates that the policies
from study case 4 exhibit the highest robustness, exceeding
90%, meaning they can effectively explore almost all the
testing environments, whereas study case 1 is the least
robust. Considering the other metrics, the average Jaccard

Fig. 4: From left to right. (a) Train episode reward curves for each study case and
(b) statistical distribution of the number of steps required to explore the testing
environments according to the four study cases.

similarity coefficients J show that both cases 3 and 4 obtain
similar performances. The most significant deviation is the
large standard deviation observed in study case 1, despite
its arithmetic mean being similar to that of cases 3 and
4. However, significant differences exist in the amount of
information shared between communicating agents across the
various study cases. Tab. I shows that in case 3 there is just
one simulation in which the agents were efficiently com-
municating with each other and the content of information
shared is the largest in all the study cases. On the other
hand, the policies obtained by using the reward function
proposed in study case 4 achieve more communication
instants compared to study case 3, but less information is
shared each time. Study case 1 is the one in which the
lowest sharing of knowledge happens between the agents
and it performs similarly in every communication cluster due
to the low variance. Study cases 2 achieve communication
with more sharing of information compared to case 4 but
comparatively low standard deviation except for case 1 which
has the lowest standard deviation.

Eventually, Fig. 5 illustrates the results of the exploration
performed by the study cases’ policies in the same environ-
ment. In study case 1 the agents tend to overlap many times
focusing the exploration in the rightmost part of the map.
On the contrary, case 4 is the one with less overlap between
the agents’ trajectories since the agents explore different
regions of the map, while cases 2 and 3 tend to have lots
of overlays between agents. Concerning the balance in the
division of exploration work by agents, it can be stated that
in this environment case 1 is more balanced since in the
other three cases agent 2 does not contribute as the other
agents to the exploration. On the right, some plots illustrate
the information shared during cluster-based communication.
Case 4 was the one that counted the most communication
events in this environment. Moreover, as shown by the
collected images, the communication clusters have been
very heterogeneous since it can be noted that the following
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Fig. 5: Collection of exploration results performed by the study cases in an unknown
environment with obstacles. The topmost image illustrates the free cells (black) and
obstacles (yellow) that are in the environments. Each row contains the samples collected
from the complete exploration done by the policies developed in each study case. In
each series, the first image depicts the occupancy map of the environment after each
exploration. In particular, they show the free cells (black), the obstacles (purple), and
the unknown grids (yellow). Then, the trajectories of agents 1 to 4 are shown from left
to right, respectively. These pictures show the cells covered by the trajectories (yellow),
the direct discoveries of the agents (black), and the unknown cells (orange). The last
images, whenever displayed, show the map that is shared between communicating
agents in the same clusters. The yellow areas depict non-overlapping areas between
the agents, while the purple, yellow, and orange ones are the sections that overlap
between the agents that participate in the communication scheme

clusters have been formed: agent 1 and agent 2, agent 1 and
agent 4, agent 3 and agent 4, agent 2 and agent 3, agent
1 and agent 3. The other study cases have not managed to
bring satisfactory results concerning communication, except
for case 2 in which a relevant communication pattern happens
between agent 1 and agent 2.

Overall, considering the evaluated metrics and the simu-
lation results depicted in Fig. 5, it can be stated that study
case 4 minimizes the overlap between the agents during the
exploration task, reduces the number of steps to reach at
least 90% of exploration and proves to be robust. Moreover,
Fig. 5 shows that it involves many different combinations of
agents in the communication clusters.

IV. CONCLUSIONS

This article proposed a decentralized multi-agent rein-
forcement learning scheme that allows a set of homogeneous
agents to explore an unknown environment with obstacles.
Specifically, the main contribution concerns the design of
different reward functions that can promote the sharing
of knowledge about the environment between the different
agents. The results have shown that the reward functions with
communication terms reduce both the overlap in the explored
area and the time steps needed to explore the environment.
Indeed, this methodology aims to avoid the overlap in task
execution by merging the knowledge accumulated by the
different agents. Future investigations may focus attention on
the evaluation of the developed policies in real experiments
and the employment of heterogeneous agents.
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