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Learning Behaviours for Decentralised Multi-Robot
Collision Avoidance in Constrained Pathways
Using Curriculum Reinforcement Learning
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Abstract—Mobile robot teams often require decentralised
autonomous navigation through narrow gaps in limited commu-
nication environments (e.g., underground search-and-rescue op-
erations). Existing navigation approaches exhibit suboptimal per-
formance for avoiding multi-robot collisions in such bottlenecks
due to an inability to address the dynamic nature of the robots.
Initial work utilising reinforcement learning has demonstrated
success in navigating a single robot through narrow gaps. However,
when training agents to produce give-way behaviour for navigat-
ing through constrained gaps, end-to-end reinforcement learning
using simple rewards suffers from slow convergence due to the
increased search space of viable policies. This paper introduces
a novel curriculum reinforcement learning framework, incorpo-
rating a multi-robot bootstrap curriculum with preprogrammed
behaviour to guide initial policy formation, subsequently refined
by a gap curriculum that progressively reduces training complexity
towards an optimal policy. This framework learns multi-robot in-
teraction behaviours, which are impractical to program manually.
Our model achieves a 99% success-rate in give-way behaviour
generation without inter-agent communications in high-fidelity
simulations. The success-rate reduced to 73 % in simulations incor-
porating noisy sensors, and 60 % in field-robot tests, substantiating
our model’s practical viability despite sensor noise and real-world
uncertainties. The simple benchmark methods lack efficiency in
basic interaction behaviours.

Index Terms—Multi-robot systems, reinforcement learning,
collision avoidance, field robotics, search and rescue robots.

I. INTRODUCTION

OOPERATIVE multi-robot navigation is often required
for large-scale mission-critical operations involving a high
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Fig. 1. (A) Wide gap for simultaneous multi-robot passage (B) Narrow gap
scenario where give-way behaviour is required (C) Give-way behaviour for
avoiding multi-robot collision while passing simultaneously towards a narrow
gap (D) A Multi-Robot Collision Scenario with potential risks of damaging
robot chassis and sensors (E) Multi-Robot Collision can drag one robot to
cause a collision with obstacles (F) Give-way Behaviour preventing multi-robot
collision.

level of robot autonomy. In search and rescue operations, e.g.,
in a mining collapse or bushfire, robots are deployed to navigate
areas (like underground tunnels or forests) where communi-
cation facilities are often compromised [1]. These environ-
ments frequently feature narrow gaps, presenting navigational
challenges [2]. Coordinating multiple robots approaching these
gaps simultaneously! can lead to bottlenecks [3], especially
when only one robot can pass through at a time. Such situ-
ations demand precise timing and coordination. Robots mov-
ing toward the gap to maximise goal success may encounter
decision-making dilemmas to avoid inter-robot collisions in
these bottleneck zones. Conventional autonomous navigation
approaches assume static environments. Even when costs are
recalculated at each timestep, these approaches overlook the
domain’s temporal dynamics caused by multiple robots [4], [5],
[6], [7]. This oversight can result in suboptimal policies that
may lead to collisions or create blocked paths, particularly in
environments with noisy sensors. Fig. 1 depicts the problem
with scenario trajectories. It includes a real-world example with
a potential give-way behaviour solution during autonomous nav-
igation. Hand-engineered programming of behaviours requires
extensive knowledge of all potential scenarios and often leads

'In this paper, “simultaneous operation” describes two side-by-side robots
approaching a constrained gap at the same time. This inherently presents a
potential for trajectory conflicts unless managed by a give-way strategy.
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to suboptimal policies, especially when unanticipated real-world
circumstances occur [2].

Alternatively, reinforcement learning has been found effective
for a single robot in navigating constrained passageways even
when using noisy, local sensors [2]. Multi-agent reinforcement
learning has also been applied for multi-robot obstacle avoid-
ance, formation making, and swarm collision avoidance [3],
[8], [9]. However, training robots to give way and navigate
through optimal trajectories in restricted spaces, requires much
interaction with potentially conflicting trajectories. End-to-end
reinforcement learning often faces slow convergence when a
target task is difficult due to high exploration challenges [10].
Designing complex sparse reward structures incurs substantial
tuning costs, causes very slow learning and can often result in a
lack of generalisation [10]. Curriculum reinforcement learning
offers a progressive learning approach that guides agents from
simpler to more complex tasks, enhancing convergence ability
through generalising exploration across intermediate guided
scenarios [10].

This research aims to coordinate multi-robot interactions by
developing a give-way behaviour, wherein one robot will yield,
and the other will lead while navigating narrow gaps using a
shared reinforcement learning policy. We hypothesise that a
reinforcement learning policy, guided by curriculum learning,
will effectively address the slow convergence when using a
simple reward structure. A multi-robot bootstrap curriculum
using our reinforcement learning framework is proposed to
progressively learn, initially from a sub-optimal, human-biased,
hand-coded behaviour. Subsequently, a gap curriculum refines
the policy from flexible navigation scenarios to learn cooperative
behaviours while increasing the difficulty of constrained gap
scenarios. Developing our multi-agent reinforcement learning
policy for the targeted constrained scenarios requires efficient
training due to high computational cost; therefore, we have
utilised a lightweight physics simulator PyBullet, leveraging
CPU parallelisation to enhance computational efficiency. In
addition to PyBullet, our model was tested in the Gazebo
simulator using sensors and has demonstrated robustness and
generalisability in dynamic, real-world environments.

Our research contributions are as follows:

¢ Thisresearch introduces a novel approach that incorporates

a Multi-robot Bootstrap Curriculum and a Gap Curriculum
within a decentralised multi-agent reinforcement learning
framework. Our method develops a give-way behaviour
policy by progressively learning from a preprogrammed
behaviour, and then exploring the target task, while end-
to-end learning fails due to slow convergence.

® QOur model has been evaluated using two decentralised ho-

mogeneous BIAS robots.? They use local sensor maps for
simultaneous navigation through a highly constrained gap
relative to robots’ dimensions (e.g., passing 0.78 m wide
robots through a 0.85 m gap). Our model has outperformed
the benchmarks: End-to-end reinforcement learning, the
Hybrid A* algorithm [11] and two rule-based approaches,
which failed to effectively demonstrate multi-robot inter-
action behaviours.

¢ Our proposed method has generated emerging behaviours

beyond our initially coded primary give-way behaviour.
These behaviours were unanticipated prior to training
and helped to avoid human bias and inefficiencies in

Zhttps://biaS.com/ (Tracked Unmanned Ground Robot of length 1.4 m and
width 0.78 m with min-max linear velocity limit [-0.75 m/s,0.75 m/s] and min-
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preprogrammed actions. This offers insights into various
interactions and scenarios that may occur while navigating
constrained environments.

II. LITERATURE REVIEW

A. Traditional Methods

Classical algorithms such as A*, Mixed integer linear pro-
gramming (MILP), Model predictive control (MPC), Probabilis-
tic road map (PRM), and Rapidly exploring random tree (RRT)
are effective for path-finding but face significant challenges in
decentralised multi-robot navigation through constrained envi-
ronments without inter-robot communication [4], [5], [6], [7].
A* variants struggle with scalability in dynamic spaces, whereas
PRM and RRT encounter issues with dimensional complexity
and inefficient exploration in constrained search spaces [4], [5],
[6],[7]. MPC and consensus-based methods rely on communica-
tion, making them impractical in local sensor-only environments
with limited information sharing [3], [12]. Optimisation and
rule-based approaches often fail due to high computational
costs, poor generalisation, and inefficient handling of non-linear
constraints, which lead to blocked pathways or inefficient over-
taking [13]. The artificial potential field method is prone to
oscillations near narrow gaps [14] and struggles to accurately
predict the movements of dynamic agents, particularly when
the dynamic characteristics are not explicitly modelled.

The Hybrid A* algorithm is employed for navigation planning
on a graph derived from a height-map or cost-map, dynamically
costing edges based on motion primitives [11]. However, Hybrid
A* faces challenges like frequent recalculations of edge costs,
which lead to extensive search delays. The inability to predict
future states can also result in suboptimal policies, as following
the greedy action immediately may lead to future trajectory
conflicts when robots move independently [1].

In summary, classical methods using local sensor maps,
struggle with non-communicating agent dynamics and sensor
inaccuracies. They often fail to recognise traversable gaps and
require extensive manual tuning, thereby limiting adaptability
and scalability in dynamic, constrained environments.

B. Learning Methods

Learning-based methods adapt and scale effectively across
various scenarios, but supervised learning requires extensive
annotations, unsupervised learning lacks task-specific guidance,
and imitation learning struggles with dynamic conditions. For
example, the DAGGER algorithm iteratively refines a policy by
aggregating training datasets from each iteration, incorporating
a mixture of expert-labelled actions in policy-visited states and
actions derived directly from the evolving policy [15]. However,
this approach heavily relies on expert input, which can be
expensive for continuous action problems such as constrained
multi-robot coordination [15].

Reinforcement learning has enabled robots to interact with
unpredictable environments through real-time decision-making
and feedback [16]. In decentralised multi-robot collision avoid-
ance applications, reinforcement learning has been used to nav-
igate, avoiding obstacles and conflicts. Curriculum learning has
been employed to incrementally increase training complexity
in the reinforcement learning framework by adjusting obstacle
density, robot numbers, and goal distances [9], [17]. A shared
multi-agent reinforcement learning framework has been applied
for training competitive robot soccer teams interacting in a
dynamic environment [18]. The Perceptual Hallucination for
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The shared neural network of the same architecture used for the actor and critic in MAPPO, (A) trained with data collected from all robots with periodic

updates ensuring each robot has the latest model and (B) deployed in a decentralised manner for each robot separately. Agents learn cooperative behaviours for
navigation by interacting within a constrained environment, rather than following any inter-agent communication protocols. Different colour arrows indicate the
periodic input of different robots. Rather than continuously integrating real-time data from the other robot, the policy periodically receives the states and goal
positions of two robots (tensor shape [2, 6]) and their corresponding occupancy maps (tensor shape [2, 64]).

opposite-heading robots to pass each other in narrow hallways
through the synthetic generation of virtual obstacles, demon-
strating improved performance in real-world experiments. But
this method is impractical with local sensors in limited commu-
nication environments [19]. Curriculum Reinforcement Learn-
ing has also been applied for adaptive multi-robot obstacle avoid-
ance and formation-making, utilising spatial-temporal coopera-
tion rather than absolute coordinates to progressively introduce
complexity [3]. Despite advances, simultaneous multi-robot co-
ordination in constrained bottlenecks struggles with prioritising
give-way behaviour. This study proposes the adoption of curricu-
lum learning strategies to enhance the reward signal and facilitate
learning convergence when a simple reward function is used. We
hypothesise that our proposed curricula, by guiding the policy
toward higher rewards, will reduce the need for hard tuning
of rewards, potentially enhancing generalisation and producing
emerging cooperative behaviours for multi-robot coordination
in congestion scenarios.

III. METHOD

Our approach involves developing a give-way behaviour to
prevent collisions as two decentralised robots approach a bottle-
neck side by side. We considered a constrained gap that allows
only one robot to pass at a time, using local sensor maps without
inter-agent communication. The basis of this work is to inte-
grate the behaviour into Hines et al.’s multi-robot autonomous
operation stack [11], activating when two robots approach a
narrow congestion.

A. Multi-Robot Reinforcement Learning

We view the problem through the frame of a Markov De-
cision Process (MDP) to effectively model the dynamic and
uncertain nature of robots while interacting in constrained en-
vironments. We adopt the Proximal Policy Optimisation (PPO)
with the clipped surrogate objective for our Multi-Agent PPO
(MAPPO) framework [18], [20]. The framework produces one
shared policy and value function during training that can be
used independently during tests. Robots periodically input their
state information into the framework. The centralised critic then
evaluates the policy’s actions, which are applied to both robots,
albeit independently. The robots’ input observation o, includes
each robot’s state information sj, relative goal position G (x
and y coordinates) and local occupancy map I; with an update
frequency of 10 Hz. The policy outputs are continuous velocity
actions a; (linear v; and angular wj velocities), reflecting the

complex nature of the decision-making process of nonholo-
nomic robots in constrained environments. Fig. 2 shows the
network architecture used for the actor and the critic in the
MAPPO.

Robot State, si: The state representation for each robot com-
prises the robot’s angular and heading velocities, roll and pitch.
Roll and pitch are considered to facilitate the transfer of learned
behaviours to different terrain scenarios in future research.

Robot Perception, I : For training robots in the PyBullet
simulator, each robot perception system considers a binary oc-
cupancy map characterised by an 8 m x 8 m map image centring
the robot with a resolution of 0.1m. Within this map, a value of
0 denotes an unoccupied cell including any gap in congestion,
while a value of 1 signifies an occupied cell. The positioning
and orientation of the occupancy map are synchronised with
the z, y translation, and yaw rotation of the robot, with the
robot’s centre coinciding with the centre of its occupancy map.
Since real sensors exhibit some noise, we introduced partial
intermittent visibility noise into our occupancy map input during
training. For testing in Gazebo and real-world environments, the
perception stack (Wildcat sensor-pack [1]) generates a 2D occu-
pancy map from a 3D LiDAR image using OHM mapping [1],
with unoccupied or unknown scenario cells converted to O and
occupied cells to 1.

Give-way Behaviour Policy, mg: As function approximators,
neural networks with similar architecture were used for a shared
policy actor and a centralised critic in the MAPPO frame-
work [18], [20]. Robots acquire cooperative multi-robot inter-
action behaviours through neural network parameter sharing in
a centralised training approach (Fig. 2(A)). The neural networks
are not provided with explicit input of other robot’s information.
Robots are deployed in a decentralised manner using individual
robot observations as input to the shared policy (Fig. 2(B)). The
utilisation of PPO incorporates clipping to ensure the updated
policy does not diverge significantly from the previously learned
policy. This approach is critical in preventing catastrophic for-
getting, particularly as the policy progresses through various
learning curricula. Our training framework used the following
reward function:

Reward = Rgoal — Peotision — P delay

where, Rgoo = 1000 was the fixed reward for reaching the goal
position. Peonision 1S the penalty applied when any collision
occurs, defined as 0.3 X Pelay, where 0.3 and 1000 were de-
termined based on empirical experiments for reward function
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(A) The reinforcement learning-based give-way MAPPO policy is learning from a prior policy through the bootstrap curriculum. (B) As the give-way

behaviour policy gradually learns from the prior policy through the bootstrap curriculum, the influence of the prior policy actions decreases with the reduction
of the bootstrap parameter k (see Algorithm 1). This allows the give-way MAPPO to adjust its actions based on guided actions from the prior policy to achieve
success. (C) Once the k reaches zero, actions from the prior policy are no longer followed. At this stage, the learning phase transitions to the gap curriculum.

tuning. Pyelay 1s the delay penalty, accumulating negatively with
each timestep that passes, thereby decreasing the total reward
by 1 for each unit of time elapsed.

Episode termination is conditioned on either a multi-robot
collision or a timeout within a specified local episode length.
Also, when both robots are in contact with any obstacle, the
episode terminates; otherwise, a collision by only one robot
results in a negative reward without ending the episode.

B. Curriculum Learning

Our multi-robot curriculum (see 3-B:1) begins by following
preprogrammed prior policy actions but progressively tran-
sitions to executing its reinforcement learning policy upon
meeting the success criteria. The gap curriculum (see 3-B:2) in-
crementally narrows the gaps, thus increasing training difficulty
as the success criteria are met. Success in curriculum learning
is defined by an agent reaching the goal five consecutive times
without multi-robot collisions.

1) Multi-Agent Bootstrap Curriculum (MA_bootstrap):
Prior Policy of Behaviour Demonstration: A prior policy of
behaviour demonstration was developed through a set of pre-
programmed moves to guide the primary give-way behaviour in
a multi-robot navigation scenario of lesser complexity (passing
a 2 m gap) compared to the ideal constrained scenario (0.85 m
gap). Two pre-defined waypoints were established on either side
of the congested gap to precisely dictate the robot’s movement
through this constrained space, as shown in Fig. 3.

In our prior policy, robots were programmed to navigate
sequentially toward waypoint 1, followed by waypoint 2, and
finally to their designated goal positions, ensuring proper align-
ment while passing through the gap. We assume robots accu-
rately detect objects up to a range of 2 m. When robots approach
side-by-side, one randomly chosen robot will reverse to allow
the other robot to lead.

Bootstrapping Prior Policy to Reinforcement Learning Pol-
icy: In our training framework, robots receive prior policy ac-
tions, mprior (at|s¢) and PPO policy actions g (a|o; ), which are
bootstrapped using the following Algorithm 1. Here, we define
a bootstrap parameter (k) with an initial value of 400, which is
updated based on the achieved curriculum success (C') as shown
in Algorithm 1. The %k value was tuned and was determined to
be 400 based on empirical experiments.

In the initial phase, the MA_bootstrap curriculum offers
guided actions, aiding agents in learning to navigate through the
restricted state space towards the goal with minimal exploration.
However, this prior policy is effective only up to a 2 m wide
gap, due to the difficulty of tuning multi-robot actions through

Algorithm 1: Multi-Agent Bootstrap Curriculum.
1 Given: MAPPO Policy 7y, Prior Controller 7,0y,
Bootstrap Parameter k£, Goal Completion G,
Curriculum Success C'

2 Input: MAPPO policy input observation o;, Prior
controller input s,
3 Output: MAPPO policy actions Tpootstrap (@t |ot),
Prior controller action 7o (]St
4 Bootstrapped actions:
Wbootstrap(at‘ot) = Ty (at‘ot) + Wprior(at|st) * k/kz
5 Updating bootstrapped actions using bootstrap
curriculum:
6 Updating bootstrap parameter k based on C'
7 if C; =5 then
8 k < 0.75 % k { 0.75 was determined based on
empirical experiments}
9 Ct +~0
10 end if
11 Counting curriculum success C' based on Goal
completion G
12 if Gy, =1thenC; <+ C;_1 + 1 else C; + 0 end if

constraints, a supplementary gap curriculum is used to decrease
the gap to just wider than one robot (0.85 m).

2) Gap Curriculum: The Gap curriculum modulates training
difficulty to manage congestion effectively when navigating
through narrow gaps. We set a decrement rate of 0.1 m each time
the curriculum success criteria are met, progressively reducing
the gap width from 2 mto 1 m; and a decrement rate of 0.05 m for
the gap reduction from 1 m to 0.85 m. This enables substantial
exploration and adaptation to the challenging congestion. Fig. 4
shows how give-way behaviour policy learns progressively from
a wider gap to a more constrained gap using our Gap curriculum.

C. Benchmark Methods

We compare our give-way behaviour policy against four
benchmark methods: End-to-end reinforcement learning frame-
work, Hybrid A* [11] and two rule-based algorithms - Backup
and Random Wait policy and Right-Hand Road-Rule policy.
These rule-based algorithms rely on the Gap policy by Tidd
et al. [2] as inherent navigation control towards the goal posi-
tions, supplemented by rules to address the multi-robot give-way
behaviour, which the single robot Gap policy alone cannot solve.
For simplicity, we allow the rule-based benchmark algorithms to
know the robot’s ID during detection to prevent distinguishing
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Fig. 4.

Training Gap curriculum (A) Starting with 2 m gap width (B) Reducing Gap width through curriculum learning success achieved (C) Testing in 0.85 m

reduced gap in subterranean tunnel environment developed using the Gazebo simulator.

Algorithm 2: Backup and Random Wait Policy (BRW).

Algorithm 3: Right-Hand Road-Rule Policy (RR).

1 while not at goal do
2 Update occupancy map ;" via sensor readings

3 if any robot detected to the side or front in I then
4 Move reverse for 0.5 s then

5 Wait for a random duration between 0-6s

6 else

7 Follow Gap behaviour policy for 0.5s

8 end if

9 end while

1 while not at goal do
2 Update occupancy map ;" via sensor readings
3 if any robot detected to the right side or front in I}
then
Move reverse for 0.5s
else
Follow Gap behaviour policy for 0.5s
end if
end while

[o2BEN @) NNV, N

give-way heuristics to determine if our approach is overly com-
plex for the target task. All benchmark methods were tested with
the same update frequency (10 Hz) as our original method.

End-to-end reinforcement learning framework: This bench-
mark uses our MAPPO framework with the same reward func-
tion but does not incorporate curriculum learning. Therefore,
no initial policy guides the end-to-end reinforcement learning
policy, which begins training directly at a 0.85 m wide gap.

Backup and Random Wait Policy (BRW): This benchmark
adopts the halting method principle [21] with a local occupancy
map, enabling robots to reverse upon detecting a collision and
then wait a random period to prevent simultaneous gap ap-
proaches. The detailed implementation of the BRW policy is
provided in Algorithm 2.

Right-Hand Road-Rule Policy (RR): Inspired by Australian
traffic standards, this benchmark adopts a right-hand road-rule
approach to give way to any robot detected on the right side,
similar to the rule-based benchmark used by Park et al. [21].
Algorithm 3 shows the RR policy rule.

Hybrid A*: The benchmark, Hybrid A* can recalculate edge
cost dynamically based on a 3D sensor map, which enabled
multi-robot navigation in the DARPA Subterranean Challenge
by team CSIRO [11]. We have used the Hybrid A* algorithm as
our baseline and tested integrating with ROS Navigation Stack
in the Gazebo simulator in a subterranean tunnel environment.

IV. EXPERIMENTS

In our experimental setup for training and testing simultane-
ous multi-robot navigation through constrained pathways, two
robots were positioned side-by-side, 4 m away from the gap and
8 m from their goal positions. Goal positions were randomly
assigned on the opposite side of the gap, ensuring that the robots’
paths crossed to create conflict scenarios. The robots’ initial
positions were also randomised with an inter-robot distance
between 1-3 metres to encourage generality. The task environ-
ment was established within a 4.5-metre-wide tunnel to constrain
exploration. Training results are discussed in Section V-A.

We supported our contributions by testing our give-way be-
haviour policy respectively in fast, and high-fidelity simulators:
PyBullet and Gazebo, to validate performance and transferabil-
ity in SIM-to-SIM scenarios. The Gazebo Simulator test envi-
ronment replicated an underground subterranean tunnel, devel-
oped by Team CSIRO for the DARPA Subterranean Challenge,
as depicted in Fig. 4(C). Finally, we conducted an open-field test
on a curvilinear bitumen road. The field test area featured two
bollards as static obstacles, placed to create different constrained
gaps (1.5 m, 1 m, 0.85 m) within a 3-metre-wide road flanked by
grass, which were recognised as barriers in the 2D occupancy
maps produced by LiDAR sensors (see Section V-B).

An important aspect of these experiments is the emerging
behaviours for multi-robot give-way interactions. These inter-
action behaviours were compared with benchmarks in the sim-
ulation and field tests, enabling discussion of their benefits and
real-world applicability (see Section V-C).

V. RESULTS

A. Training Results and Comparison With End-to-End
Learning

The training of the give-way behaviour policy using our
proposed MA_bootstrap curriculum and Gap curriculum based
reinforcement learning was conducted in the PyBullet simulator.
This approach was compared with the end-to-end reinforcement
learning policy trained without any curriculum. The training
experiments were conducted across 30 trials to ensure statistical
significance in the results. Each trial was executed on 64 CPUs in
parallel, where each CPU processed 700 epochs of five episodes
each and updated the gradients through averaging. Fig. 5 demon-
strates that our proposed curriculum learning techniques facil-
itate progressive learning, whereas no performance gain was
achieved using only the end-to-end reinforcement learning or
only the MA_bootstrap curriculum (displayed similar plot to
end-to-end learning plot) using our reward function. The results
showed suboptimal performance when training the reinforce-
ment learning policy with the Gap curriculum alone.

Authorized licensed use limited to: Queensland University of Technology. Downloaded on March 06,2026 at 01:42:25 UTC from IEEE Xplore. Restrictions apply.
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end-to-end learning and a policy using gap curriculum only. Goal-reaching
success was measured as the percentage of successful navigation, assessed
through parallel processing on a 64-CPU system. (B) Highlighting performance
improvement through curriculum learning phases in the cumulative reward curve
of a training trial.
TABLE I
BENCHMARK COMPARISON IN SIMULATIONS: SUCCESS IS DEFINED AS THE
PERCENTAGE OF TRIALS WHERE BOTH ROBOTS REACHED THE GOAL
WITHOUT COLLIDING

Method Gap R O Success Mean TTG Std TTG
m C C (%) (RL&RF) (RL&RF)

Give-way 1.50 0 O 100

_ 1.00 0 O 100 95 & 119 0.063 & 0.063

MAPPO s 0 1 99
1.50 0 O 100

BRW 1.00 0 5 95 9.6 & 16.6 0.068 & 0.069
085 0 15 85
1.50 0 O 100

RR 1.00 0 4 96 9.5 & 165  0.067 & 0.065
08 0 16 84

Hybrid A* 1.50 30 0 0 N/A N/A

Time to goal is reported separately for the leading and following robots. Benchmarks
BRW and RR were tested in the PyBullet simulator for 100 trials each. The Hybrid A*
algorithm was tested in the Gazebo simulator due to its reliance on 3D sensor maps and
was not evaluated in real-world scenarios to avoid safety breaches related to multi-ro-
bot collisions. The number of test trials for Hybrid A* was limited to 30 due to the
higher computational demands in Gazebo. RC and OC indicate inter-robot collision
and collision with any obstacle, respectively. Time to Goal (TTG) is measured as mean
and standard deviation for the leading robot (R,) and the following robot (R ).

Training started considering a 2 m gap with an initial re-
ward due to guided actions from the MA_bootstrap curriculum.
As training progressed, the bootstrap parameter was gradually
reduced after meeting the success criterion (Fig. 3(B)). Once
agents had fully learned the prior policy behaviour, the training
phase transitioned to the Gap curriculum, leading to an initial
performance drop due to the limited optimal trajectories avail-
able to goal positions through small gaps. Subsequent training
using the Gap curriculum involved agents navigating through
progressively narrower gaps, down to 0.85 m. This leveraged
their prior experience to enhance performance in avoiding ob-
stacles and reaching goals. In contrast, end-to-end reinforcement
learning with our simple reward function failed to address the
high exploration challenge and, therefore, did not learn an effec-
tive policy for our targeted scenario, due to slow convergence.

B. Test Results With Benchmark Comparison

Based on training results, the best-performing give-way be-
haviour policy, guided by MA_bootstrap and gap curricula over
30 trials, was tested and benchmarked in simulations which are
shown in Table I.

To evaluate our model’s ability to operate with actual sensor
data and to test its robustness in bridging the simulation-to-
reality gap, as well as its generalisability in handling real-world
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TABLE II
GIVE-WAY MAPPO RESULTS IN GAZEBO (SIMULATED SUBTERRANEAN
TUNNEL ENVIRONMENT) AND FIELD TESTS

Test Gap # R O Success Mean TTG Std TTG

Env. (m) Trials C C (%) (RL&Rr) (RL&Rp)
1.50 0 0 100 0.120 &

Gazebo 1.00 30 0 2 933 9.5 & 13 0.363
0.85 0 8 733

Field 1.50 0 0 100 0.126 &

T:st 1.00 10 0 3 70.0 10 & 14 0.352
0.85 0 4 60.0

uncertainties, we conducted tests in the Gazebo simulator using
sensor data and also ran field robot tests at various wide gaps,
as shown in Table II.

C. Behaviour Findings in Simulated & Real-World

During the testing of our model, several emergent robot be-
haviours were observed in multi-robot give-way scenarios when
navigating constrained gaps. We analyse the behaviours learned
by the neural network by replicating potential occurrence scenar-
ios. We often preprogrammed one robot to create a conflicting
scenario that induced emerging behaviour from the other robot
using our give-way MAPPO policy. Fig. 6 illustrates the be-
haviour trajectories by replicating the corresponding scenarios
tested in the PyBullet simulator.

InFig. 6(A), tworobots started side-by-side from aclose 1.2 m
distance using give-way MAPPO policy. One robot exhibited a
reverse movement between 1 s and 2 s (marked by a red circle),
which can be termed a close call behaviour to avoid a potential
multi-robot collision. Additionally, the close call performing
robot was observed following the leading robot near the gap
conflict zone showing the following behaviour (marked by a
pink hatch). In Fig. 6(B), both robots initiated our give-way
MAPPO and displayed give-way behaviour. After one robot
positioned itself behind the other to follow, the leader was
preprogrammed to reverse for 3-8 seconds (marked by a red
circle on the blue trajectory). During this time, the following
robot showed cooperative reverse driving behaviour (marked
by ared circle in the yellow trajectory). In Fig. 6(C), both robots
were initially programmed to move straight toward the gap for
the first 2s. Then our give-way MAPPO policy activated and both
robots made a sharp turn, achieving gap alignment behaviour
to pass through the gap. Notably, the following robot slightly re-
versed to orient itself properly, exemplifying the gap alignment
behaviour. Fig. 6(D) is an extended give-way scenario. Both
robots initiated our give-way MAPPO and displayed give-way
behaviour. After one robot positioned itself behind the other
to follow, the leading robot was preprogrammed to be stopped
for 5 s between 3-8 s periods. During this time, the following
robot exhibited an extended give-way or stopping behaviour
using our policy, stopping for 5 s, a behaviour particularly
advantageous for robot safety in case of malfunction or stoppage
of the leading robot. The behaviours explained in Fig. 6 were
also observed in the field tests shown in Fig. 7.

VI. DISCUSSIONS AND LIMITATIONS

Our give-way MAPPO system is guided by the MA_bootstrap
curriculum and further refines training scenario complexity
using the Gap curriculum. Our methodology helps in finding
reward signals and addresses slow convergence, which was
responsible for the end-to-end reinforcement learning method’s
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Fig. 6. Gallery of robot trajectories highlighting emergent behaviours during simultaneous cross-navigation through a 0.85 m gap.

Near Collision with an Obstacle

Fig. 7. Gallery of Behaviours: (A) Two robots simultaneously approached a
potential conflict scenario: one robot executed a right turn to initiate give-way
behaviour and subsequently reversed to avoid a collision. Such movements
demonstrated a close call behaviour observed frequently during field tests,
especially when robots commence from proximate starting positions. (B) This
scenario captured one robot adopting the following behaviour, trailing the
lead robot through the gap after a period of yielding. (C) The robots exhibited
cooperative rotating behaviour, with one robot aligning its heading toward
the gap and taking the lead while the other robot maintained a cautious relative
distance to prevent possible close calls and followed the leading robot. (D)
After demonstrating the give-way behaviour, the following robot adjusted
its heading using the gap alignment behaviour. This behaviour involved
the robot approaching closely to an obstacle corner and then rotating to an
optimal orientation for gap navigation. Moreover, cooperative reverse be-
haviour was observed in the field test. After showing give-way, the leading
robot reversed to employ gap alignment behaviour, and the following robot
also reversed, ensuring a relatively safe distance greater than that observed in
closecall scenarios.

failure to meet high search demands in restricted spaces with a
simple reward function. Employing a complex, sparse reward
could potentially enhance performance in end-to-end reinforce-
ment learning. However, excessive tuning might compromise
generalisation and prove time-consuming to learn to navigate
through constrained scenarios. In contrast, the integration of
both MA_bootstrap and Gap curricula significantly enhances
training outcomes as guided exploration leads to appropriate
reward signalling and progressive learning. In comparison, sole
reliance on the Gap curriculum is associated with a greater
likelihood of suboptimal results (Fig. 5(A)). Any controller that
guides the agents to a reward signal through a basic collision-free
navigation strategy can be used as the bootstrap prior policy.

Our model shows consistent give-way behaviour and emerg-
ing interaction behaviours in simulated (Fig. 6) and real-world
environments (Fig. 7). Such emerging behaviours are crucial
for ensuring precise, collision-free multi-robot interaction in
narrow gaps, including in unprecedented scenarios such as robot
malfunctions (Fig. 6).

Despite our method using a shared policy to help mitigate
nonstationarity and partial observability [16], real-world sce-
narios may often suffer from partial observability. Since decen-
tralised execution does not consider other robots’ states, agent
policies are assumed to be independent during decentralised
execution [22]. Employing DEC-POMDP could enhance field
test performance by improving partial observability. However,
creating a globally optimal model-free MARL method for DEC-
POMDP remains an open research problem [23].

Our experimental results (Table I) show that our policy
achieved a 99% success rate in the PyBullet simulator. However,
performance decreases in Gazebo and real-world tests (Table II)
due to sensor noise, surface friction, and other real-world un-
certainties, which also contribute to a high standard deviation in
time to goal. The BRW and RR benchmarks exhibit delays in
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reaching the goal positions for the following robot, ranging from
16.5-16.6 s, compared to 11.9 s under our give-way MAPPO.
Rule-based approaches show higher collision rates by driving
the controller into out-of-distribution states, which could be
improved through more generalised training of the inherent
controller. They also lack effective multi-robot interaction be-
haviours in the scenarios depicted in Figs. 6 and 7. Furthermore,
the BRW and RR benchmarks show undesirable oscillatory
behaviours when tested in closecall and extended stopping
behaviour scenarios, which increased delays in reaching the goal
positions. While the Hybrid A* algorithm fails to recalculate
dynamic edge cost for a simultaneous approach towards a 1.5 m
wide gap or below, no collisions between robots were observed
in any test scenario when using our give-way MAPPO policy.

Future research is needed to identify the conditions that should
activate and deactivate the multi-robot give-way behaviour. In-
creasing the number of robots in our scenario will increase the
computational costs of training. Our framework is tested for
homogeneous robots. Reducing sensor noise and generalising
our policy to relevant scenarios will enhance real-world perfor-
mance.

VII. CONCLUSION

This research presents a novel curriculum-based multi-robot
reinforcement learning framework that can develop collision-
free navigation policies in highly constrained gap environments.
Our framework incorporates the MA_bootstrap curriculum and
gap curriculum for developing a give-way behaviour policy
that also learns emerging multi-robot interaction behaviours.
These behaviours are difficult to manually replicate or deduce
from existing knowledge for effective constrained navigation.
The rule-based benchmark methods lack interaction behaviours,
so there are disadvantages due to delayed time to reach goal
positions. Our give-way MAPPO shows superior performance
with higher success rates: nearly 99% in PyBullet, 73% in
Gazebo, and 60% in the real-world through a 9.0% wide gap
(0.85 m) considering robot width (0.78 m). The failure re-
sulted not from inter-agent collisions but from collisions while
navigating through the gap. This issue could be addressed by
improving sensor noise and policy generalisation in real-world
domains. Our model is suitable for decentralised multi-robot
navigation using only local sensors in GPS-denied search and
rescue operations. It can also coordinate homogeneous robots
from different companies with different control frameworks
without relying on inter-agent communication.
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