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Abstract— Developing effective robot navigation methods in
constrained environments with pedestrians is essential for real-
world applications. Although recent deep reinforcement learn-
ing methods have shown promising results in addressing the
problem of social navigation, they often focus solely on single-
robot scenarios and overlook the presence of static obstacles
in the environment. In this work, we address the problem of
multi-robot social navigation in constrained environments. We
introduce an environment specifically designed for multi-robot
social navigation, allowing the simultaneous simulation of a fleet
of robots alongside humans and static obstacles. In addition,
we propose a novel method for learning socially aware multi-
robot navigation policies in constrained environments using
multi-agent reinforcement learning. Our approach leverages
convolutional and graph neural networks to learn structured
representations of scene geometry as well as the interactions
between robots and humans in the environment. Experimental
results demonstrate that our approach outperforms existing
single-robot social navigation baselines and enables efficient,
implicit coordination in heterogeneous crowds while effectively
accounting for static obstacles in the environment.

I. INTRODUCTION

Robot navigation in crowded environments has emerged
as a distinct research field in response to the growing
deployment of service robots and autonomous vehicles in
human environments. Beyond simply reaching their destina-
tions, autonomous robots must integrate socially appropriate
behaviors such as maintaining personal space, adapting speed
to pedestrian flow, and signaling intent through smooth tra-
jectories to perform tasks efficiently and seamlessly around
humans [1].

Over the past decade, learning-based approaches have
emerged as a category of methods that reduce reliance on
manual modeling by training robot control policies through
deep reinforcement learning (DRL). These approaches typi-
cally make minimal assumptions about human motion and in-
stead train control policies in simulation, thereby shifting the
complexity of the task to the neural network [2]. Prior work
on DRL-based methods has explored diverse techniques for
robot crowd navigation. Yet existing approaches suffer from
one or a combination of three key limitations: (i) they
assume agents operate in obstacle-free, open environments
[2], [3], (ii) they employ scene representations and navigation
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Fig. 1: Nllustration of our navigation task and the proposed
approach: each robot aims to reach its goal using a LIDAR
sensor with field of view (FoV)I1 to perceive scene geometry,
and a detection system with FoV2 to detect other entities

algorithms that do not distinguish between dynamic and
static obstacles [4], (iii) they assume only scenarios with
a single robot in the scene [5], [6]. Consequently, these
assumptions limit the feasibility of such methods in real-
world scenarios.

In this work, we address all of these challenges by using
multi-agent reinforcement learning (MARL) [7] to tackle
the problem of multi-robot social navigation in constrained
environments (Fig. [I). First, we propose a training environ-
ment that extends the CrowdNAV simulator [8] to multi-
agent settings, enabling the training of multiple robots for
social navigation tasks. We further adapt the simulator by
adding 2D LiDAR sensing and incorporating static obstacles,
thereby supporting the simulation of constrained environ-
ments. We then introduce HAMRON (Human Aware Multi-
Robot Navigation), a DRL method for learning multi-robot
navigation strategies in crowded, constrained environments.
The main challenges, compared to the existing methods, in-
clude learning coordinated, human-safe navigation strategies
for a fleet of robots and managing interactions with both
controlled entities (robots) and uncontrolled entities (humans
and static obstacles).

Inspired by recent work on single-robot LiDAR-based
navigation [5] and GNN-based social navigation [9], HAM-
RON employs a GNN encoder with attention to model
heterogeneous interactions between a fleet of robots and
the surrounding human crowd, and a CNN-based encoder
to capture the spatial geometry of the scene. The resulting



representations from both modules are used to train individ-
ual robot control policies within a MARL framework under
realistic assumptions about perception and communication.
During inference, each robot relies solely on its local sensors,
and no information is shared between robots.

This paper is organized as follows: Section [II| presents
the task setup and proposed approach. Section [III| describes
the experimental setup. Section [[V] reports and discusses the
results. Section [V| concludes the paper.

II. MULTI-ROBOT SOCIAL NAVIGATION IN
CONSTRAINED ENVIRONMENTS

In this section, a formulation of the multi-robot social
navigation problem within MARL is presented, and our
proposed approach is introduced.

A. Problem statement

Consider a fleet of V,. robots initialized in a scene along
with a crowd of Nj, humans and N, static obstacles. In
addition to avoiding static obstacles, each robot 7 has to reach
its goal position g¢ without relying on any prior map and
by maintaining socially compliant behavior with respect to
other entities (robots and humans). It is important to note
that we assume robots do not share any information for
navigation. Each robot relies solely on its local perception
system, composed of 2D LiDAR scans [; with FoV1 and
a perception module that captures the positions p] of other
entities within FoV2 with j € [1, ..., (V.4 Ny )] and ¢ denotes
the timestep. Using different FoVs for the robot’s perception
allows for the usual constraints of real robots to be taken
into account. The Markov decision process elements (i.e.,
the action space, observation space, and reward function)
for this task are defined in the following sections.

a) Action space: We adopt a holonomic kinematic
model where, at each instant ¢, robot ¢ executes ai =
(v;’t, véyt) with planar linear velocities vfm, v;,t in the local
frame.

b) Observation space: At time t, robot ¢ receives an
observation o, = {li,w},G:} with three components: (i)
2D LiDAR scans i for perceiving static obstacles, (ii) an
intrinsic state vector wi = [p,vi, g%, ¢i, pi] encoding the
robot position, velocity, goal, yaw, and radius, and (iii)
an interaction graph G representing perceived humans and
robots. For each robot i, we define G = (M, E;), where
M; is the visibility matrix over entities detected within its
field of view, and E; contains node features eg for each
entity (Fig. [J). Each node feature includes a type label (e.g.,
label € {robot,human}) and a short predicted trajectory
T} = [pl,...,p],5) expressed in the robot local frame. Fu-
ture positions are estimated using a constant-velocity model
from consecutive observations, which we found sufficient for
short-horizon prediction.

¢) Reward function: The reward is designed to promote
safe and efficient multi-robot navigation. For robot ¢, it is

defined as

Te if ¢ collides,
ri =<7 if ¢ reaches its goal, (1
rfmt,t + réred’t otherwise,
where 7. penalizes collisions with humans, robots, or static
obstacles, and r, rewards goal reaching. To discourage
entering the predicted paths of other entities, we define

1] _ . ( t+k 'c )
r = min (1.%% —
pred,t ke[L,5] “J o 9k )’ @)
i _ : 0]
Tpred,t - min rpred,ﬁ

JEML,...,(Nr+Np)]

where 1;“‘ indicates whether agent ¢ collides with the k-
th predicted position of entity j. This term penalizes near-
future intrusions more strongly than distant ones. Finally,
progress toward the goal is encouraged with the potential-

based reward
Tpott = —dg ¢ T dg i1 &)

where d, , is the distance from robot i to its goal at time .

B. Approach

In this section we present the DRL model of HAMRON,
illustrated in Fig. [2| First, LiDAR scans [} are encoded by
a 4-layer 1D CNN encoder with kernels of varying sizes,
enabling the model to learn representations of obstacles
across multiple scales. This 1D CNN extracts spatial features
that capture scene geometry, a design choice motivated
by established 2D LiDAR-based navigation methods [10]
and the SOTA single-robot social navigation approach [5],
which show that combining 1D CNNs with recurrent policies
yields strong obstacle avoidance performance. Conversely,
the intrinsic state information w{ of robot i is encoded using
a multi-layer perceptron (MLP) into a feature vector that cap-
tures its state. In parallel, the interaction graph G is passed
through an interaction filter that applies a GAT layer followed
by a Gumbel-Softmax mask to the nodes corresponding to
entities within FoV2 of robot ¢, producing a sparse graph
Gé,t. This allows the policy to endogenously learn to attend
to the most critical agents in dynamic and unpredictable
crowds, effectively filtering out noise and focusing on the
entities that pose the greatest risk to navigation safety and
efficiency. A GAT layer is then applied to this sparse graph to
compute node features influenced by the filtered neighboring
entities, yielding the crowd graph Gat. Intuitively, the robot
needs to consider only relevant crowd entities, since not all
interactions are equally important. From the crowd graph, the
node corresponding to robot ¢ is extracted and concatenated
(CAT) with the robot’s spatial and intrinsic features to
form a joint representation for downstream policy learning.
Finally, a gated recurrent unit (GRU) followed by two MLPs
outputs a value estimation and control action, conditioned
on the previous hidden state hi_; of the GRU and the joint
representation.

For MARL training, we adopt a decentralized training and
execution paradigm, where each robot learns from its own
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Fig. 2: Tllustration of the proposed DRL model: for a given agent ¢ (orange node), the input includes intrinsic information,
LiDAR scans within FoV1, and a graph restricted to FoV2. Each node (pink for other robots and blue for other humans)
contains the observed entity’s current position, predicted positions, and a label identifying its class. The red dashed line in

this figure highlights the interaction filter.

local observations and reward. We use parameter sharing
across robots and deploy the learned policy independently
on each robot at test time. Training is performed with IPPO
[7], which enables scalable multi-agent learning without a
centralized critic.

III. EXPERIMENTAL SETUP
A. Simulation Environment

a) Simulator: Our simulator extends the single-agent
CrowdNav simulator to the multi-agent setting. Our im-
plementation includes simulation of parameterizable static
obstacles (e.g., number and size) modeled as circles. We
integrate a LiDAR sensor simulation via ray tracing using
the RangeLib library [11], which provides ray-tracing algo-
rithms for 2D LiDAR simulation. The LiDAR sensor can be
parameterized by its FoV, range, and number of rays. We
also integrate occupancy maps into the simulator, enabling
costmap modalities and supporting studies of 2D SLAM
approaches.

b) Scenario: We consider scenarios with randomly
placed circular static obstacles, humans moving across the
scene toward opposite-side goals, and robots initialized with
independent random goals. Humans, simulated using a social
force (SF) model, react only to other humans and static
obstacles, creating an adversarial crowd. An episode ends
when all robots have either collided or reached their goals,
and collided robots are reset with new goals. Unless stated
otherwise, we use r, = —1, ry = 10, FoV2 360°,
FoV1l = 230°, and fix the number of static obstacles to
N, = 15.

B. Metrics

We evaluate our approach using standard social navigation
metrics: success rate, collision rate, intrusion ratio, travel
length, and travel time. Success rate measures the proportion
of robots reaching their goals, while collision rate measures
the proportion colliding with a human, robot, or obstacle.

Intrusion ratio is the fraction of time a robot remains within
0.25m of a human, following [3]. Travel length and travel
time denote the mean path length and mean time to goal
across test episodes.

C. Methods

Since we study constrained environments, we compare
against DRL baselines that explicitly handle static obstacles.
Because these methods are designed for single-robot settings,
each policy is trained with one robot and then deployed
independently on all robots at test time.

a) HEIGHT [5]: HEIGHT is a strong single-robot
baseline for social navigation in constrained environments.

b) LiDAR-Nav [12]: LiDAR-Nav is a recurrent navi-
gation policy based only on 2D LiDAR observations.

c) HAMRON: Although HAMRON is designed for
multi-robot training, we also evaluate it in the same single-
robot training setup for fair comparison with the baselines.
Each method is trained for 10M timesteps with an episode
length of 100 timesteps. We note that training is performed
in three independent runs with different random seeds. For
evaluation, we report the mean of the previously introduced
metrics of the three trained models across 100 test episodes,
using the same evaluation seed.

IV. EXPERIMENTAL RESULTS

Table [I| reports comparison results across two evaluation
settings: single-robot and multi-robot. In the single robot
setting, HAMRON attains the highest success rate while
yielding the shortest travel time and length, largely by
suppressing timeouts relative to LiDAR-Nav and HEIGHT.
However, this comes with a slightly higher collision rate
than HEIGHT and an intrusion ratio closer to LiDAR-Nav,
indicating a more assertive navigation style. In the multi-
robot setting where the number of robots varies between
training and testing, LiDAR-Nav remains less effective. It
achieves the lowest intrusion ratio but also has the lowest
success rate and the highest timeout, suggesting that while
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Fig. 3: Illustration of the trajectories performed by three robots

from left to right.

the robots keep their distance from humans, they often fail
to reach their goals. We attribute this to the partial observ-
ability inherent in LiDAR-based perception, where the robot
has to infer the environment state solely from telemetric
information. Although HAMRON trained with a single robot
still outperforms LiDAR-Nav and HEIGHT on all other
metrics when deployed in multi-robot scenarios, methods
tailored for single-robot settings, including this variant of
HAMRON, experience a drop in performance when deployed
in multi-robot environments. This is due to the fact that these
models weren’t exposed to interactions with other robots
during training, leading to poor coordination at deployment.
Building on this, MARL training further improves the per-
formance of HAMRON in multi-robot settings (Fig. [3). We
suggest that, during training, multi-agent learning allowed
the model to learn and capture strategies that account for the
behavior of other robots, mitigating coordination failures and
deadlocks inherent in single-robot policies. By training in a
multi-agent setting, the robots learn implicit social protocol
and trajectory anticipation that are essential for navigating
heterogeneous crowds where human and robot intentions are
often unpredictable.
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LiDAR-Nav [4] [0.60 0.22 0.17 19.64 13.77 14.50
HEIGHT [3] 0.64 020 0.16 1522 1351 13.88|1 151 15
HAMRON (ours) | 0.67 0.28 0.05 19.78 12.26 11.80
LiDAR-Nav [4] [0.51 028 021 13.06 14.13 15.00|1 15
HEIGHT [3] 0.56 0.33 0.11 1341 1272 1240|1 153 15
HAMRON (ours) | 0.62 0.33 0.05 1551 1225 1193|1 15
HAMRON (ours) | 0.69 0.25 0.05 15.75 1225 12.03|3 15

TABLE I: Comparison of our approach with baselines in
single and multi-robot scenarios.

under HAMRON across four sequential timesteps, displayed

V. CONCLUSION

We introduced HAMRON, a multi-agent reinforcement
learning approach for human-aware multi-robot navigation
in constrained environments, together with a simulator in-
cluding multiple robots, humans, and static obstacles. By
combining LiDAR-based perception with graph-based inter-
action modeling under decentralized training and execution,
HAMRON yields strong performance compared to single-
robot baselines and achieves efficient implicit coordination
in multi-robot settings. Our initial results suggest that HAM-
RON provides a promising framework for navigation in
complex, unpredictable scenarios. Future work will include
more extensive evaluation, comparisons against dedicated
multi-robot baselines, and real-world validation.
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