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Abstract

Decentralized multi-robot navigation is difficult when robots must act from local ob-
servations without centralized coordination or explicit inter-robot communication. A
belief-driven hybrid reinforcement learning framework is evaluated for planar multi-robot
navigation under partial observability. Each robot builds a compact local state from its
position, waypoint target, sector-based proximity readings, and a decaying occupancy
belief that summarizes recent obstacle evidence. A Deep Deterministic Policy Gradient
(DDPG) actor produces continuous velocity proposals, and a lightweight geometric safety-
blending layer combines this command with goal-seeking and reactive avoidance vectors
before execution. The simulation was revised to use e-puck-compatible heading-limited
forward motion rather than side-slip motion. The framework is intentionally solver-free at
runtime and does not introduce online constrained optimization or new communication
mechanisms. The evaluation reports a controlled five-seed study using seeds 101-105
and a 10-seed stress suite covering scalability, symmetric crossing, corridor, and dense
dynamic-obstacle cases. In the controlled nominal evaluation, full three-robot completion
occurred in all five runs, with 100.0% mean success, 142.2 mean steps, and no recorded
collision timestep. In the hybrid stress suite, nominal, four-robot swap, five-robot cross-
ing, symmetric-deadlock, and corridor cases achieved full success in all 10 seeds. Dense
dynamic obstacles were the main failure case, with 5/10 full-success runs, 5 robot timeouts,
and 10.1 mean collision events per run. These results support the feasibility of the hybrid
structure in moderate tested conditions while showing that dense moving obstacles remain
a practical limitation. Formal safety guarantees, matched benchmark comparisons, physical
robot validation, and wider randomization remain areas requiring future work.

Keywords: decentralized multi-robot navigation; reinforcement learning; DDPG; belief
state; partial observability; safety blending

1. Introduction

In the tested workspace, three e-puck-style robots share a bounded planar area with
fixed cubes, debris blocks, and moving spherical obstacles. Each robot receives only local
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observations and must still reach its assigned goal. The control problem is therefore not just
a shortest-path problem. It also includes local reaction to nearby robots, obstacle evidence
that may disappear from view, and motion commands that must remain meaningful for
heading-limited forward movement.

Classical planning and control methods can provide strong behavior when accurate
models and reliable state information are available. However, global maps, precise lo-
calization, and complete obstacle knowledge are not always available in decentralized
multi-robot settings. Learning-based navigation methods, including deep reinforcement
learning (DRL), reduce dependence on hand-coded environment models by learning poli-
cies directly from interaction data [1-3]. However, learned policies can be unsafe in the
presence of partial observability, particularly in cases where local observations do not
provide sufficient information for discriminating between safe and dangerous actions.

In this paper, we study an architecture for a mixture of learned policies and lightweight
safety blending. The key point here is straightforward: generate goal-directed movement
using reinforcement learning but do not perform the learned action in the case of close-
by objects or other robots. The actual velocity is created from the blend of the learned
command with geometric components representing goal and avoidance directions. The
observation framework, belief update method, policy learning elements, safety blending
algorithm, and performance evaluation methods employed in the proposed controller are
presented below.

Contributions
The contributions of the paper can be outlined as follows:

* A decentralized navigation scheme is devised for three robots utilizing only local
sensory observations in the absence of online communication and central control.

¢ Compact state representation is adopted incorporating position, goal orientation, and
sector-based proximity features, along with 4D decay-based occupancy representation.

¢ A DDPG continuous policy is integrated along with a solver-less geometric safety-
blending action modifier based on proximity and spacing information.

¢ A controlled 5-seed evaluation and a 10-seed stress suite are reported, including
success, timeout, collision-timestep, collision-event, trajectory, reward, scalability,
and corner-case outputs.

2. Related Work
2.1. Learning-Based Robot Navigation

Deep reinforcement learning has been widely studied for robot navigation because it
can map observations directly to actions and can optimize long-horizon behavior through
trial-and-error interaction [1,2]. Actor—critic approaches are particularly applicable to
continuous robot control due to the fact that they result in smooth movements compared
to discrete movements. DDPG is an example of a deterministic actor—critic approach for
continuous control [3].

Learning-based navigation systems are appealing when there are uncertainties in
the environment, but their success is highly dependent on the quality of observations,
rewards, and types of scenarios used during training. New research in reinforcement
learning involving unmanned and robotic systems still places high importance on safety,
disturbance rejection, and control reliability [4,5]. Such problems become especially relevant
in multi-robot navigation, where every robot can see only a limited part of the environment.
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2.2. Decentralized Multi-Robot Navigation

In decentralized multi-robot navigation, the robots select their actions in isolation,
using locally available information. This enhances scalability, but it creates an issue of
non-stationarity for the environment from the robots’ perspective. Prior work on decen-
tralized deep reinforcement learning has shown that local interaction cues can support
implicit coordination [6]. However, dense interaction can still lead to collisions, deadlocks,
or inefficient trajectories.

The velocity obstacle and reciprocal avoidance concepts provide structured collision
avoidance cues for multi-agent motion. Reinforcement learned reciprocal velocity obstacle
methods combine such structure with learned policies to improve distributed naviga-
tion behavior [7]. Communication-enabled approaches can improve dense coordination,
but they also introduce communication assumptions that are not always available in simple
decentralized deployments [8].

Recent multi-agent control studies also address formation tracking, obstacle avoid-
ance, disturbance rejection, intermittent communication, and learning-based uncertainty
estimation [9-11]. These studies target broader cooperative-control settings such as USV
swarms, heterogeneous multi-agent systems, and fault-tolerant platoon-like tracking.
In comparison, this work focuses on decentralized waypoint navigation from compact
local observations using a DDPG-assisted hybrid controller with explicit geometric
safety blending. Table 1 summarizes this positioning.

Table 1. Qualitative positioning against recent related multi-agent control studies.

Study Main Focus Position Relative to This Work

Chang et al. [9]

USV formation control with Related through cooperative obsta-

APF obstacle avoidance, cle avoidance, but the objective is

intermittent communication, formation tracking for networked

and disturbance observation. ~ USVs. This work studies decentral-
ized waypoint navigation for mo-
bile robots without online commu-
nication.

Liu and Dong [10]  Fixed-time cooperative fault- Related through learning-based
tolerant control for heteroge- multi-agent control, but the learn-
neous agents with uncertain- ing component estimates uncertain-
ties, faults, and disturbances. ties and faults. This work uses

learning for local navigation action
generation.

Liuand Dong [11] Learning-based estimation Related through fault-tolerant co-
and fault-tolerant control operative control, but it addresses
for uncertain heterogeneous synchronization and compensa-
multi-agent systems. tion. This work evaluates belief-

conditioned navigation and reac-
tive safety blending.

This work Decentralized waypoint nav- Uses compact belief-conditioned

igation with static/dynamic
obstacles and partial observ-
ability.

observations, a DDPG continuous-
action actor, and solver-free geomet-
ric safety blending for local navi-
gation. It does not address fault
diagnosis, formation maintenance,
or disturbance observer design.

2.3. Safe Reinforcement Learning and Hybrid Control

Safe reinforcement learning methods often enforce constraints using safety filters,
control barrier functions (CBFs), quadratic programming (QP), or model predictive control
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(MPC) shields [12,13]. These mechanisms can reduce unsafe actions and may provide
stronger guarantees when their assumptions hold. Their limitation is that they often
require online optimization, model rollout, or constraint solving at each control step.

Hybrid methods combine learning-based decisions with classical control or reactive
safety rules. Such methods usually do not provide the same formal guarantees as CBF-
or MPC-based approaches, but they can reduce implementation and runtime complexity.
The present work follows this hybrid direction. The proposed system evaluates whether a
compact belief representation and a lightweight safety-blending rule can produce functional
decentralized navigation in the tested simulation setting.

3. Proposed Framework
3.1. Problem Definition

Consider N mobile robots moving in a bounded planar workspace W C R2. Robot
i € {1,...,N} has position xi € R? at time t and goal position g’ € R?. Each robot receives
only local observations and does not communicate with other robots during execution.
The objective is to generate a continuous control command,

ul € R? 1)

that moves robot i toward g, avoids obstacles and nearby robots, and maintains smooth
motion.

Because each robot observes only local information, the navigation problem is treated
as a decentralized partially observable Markov decision process (Dec-POMDP). The Dec-
POMDP is not solved exactly. Instead, each robot builds a compact local state vector that
acts as an approximate belief-conditioned observation.

The Dec-POMDP is written as

M =(L,5 {A} {0}, T, Z,R,7), (2)

where Z = {1,..., N}, S contains robot poses, headings, waypoint indices, obstacle states,
and map values, Al = [-0.2, 0.2}2, O c R12, T'is the heading-limited pose transition with
obstacle motion, Z maps the system state to local observations, R is the training reward,
and vy = 0.99.

3.2. State Representation

The state vector for robot i is defined as
s = |xi, di, ¢}, b}] € R, ®)

where xi € R? is the robot position, di € R? is the relative goal vector or goal-direction
encoding, /i € R* contains sector-based proximity measurements, and b € R* contains
belief features extracted from a decaying local occupancy map. The dimensionality follows
directly from

dim(s}) =2 +2+4+4=12. (4)

3.3. Belief Encoding

To reduce the effect of partial observability, each robot maintains a compact local
occupancy summary Gi € R*:

Gi = [ghe S 8w 85E]- ®)
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The workspace grid is 10 x 10 with 1 m cells. Cell values decay as M:(c) = 0.9M! ,(c),
and detected cells are updated as Mi(c) = min(1, Mi(c) + 0.5). Each component of G! is
the mean occupancy in one quadrant around robot i. The earlier AG! notation is not used
in the actor input.

3.4. Continuous Policy Learning
The learned policy uses DDPG. The actor network g maps the local state to a continu-
ous velocity proposal:
a; = g (s1)- ()
The critic Qg (s, a) estimates the action-value function during training. For a transition
(st,at, 14, St+1), the critic target is

ye =1t +7Qq (st11, He (S141)), @)
and the critic loss is y
1
L(¢) = M Z (Q(P(Sm; am) _]/m)zz (8)
m=1

where M is the minibatch size, 7 is the discount factor, and primed symbols denote
target networks.

3.5. Safety Blending

The actor command is modified before execution. Let eé denote the normalized goal
direction and ¢}, denote a reactive avoidance vector computed from nearby obstacles and
robots. The executed command is

up = ajai + Pieg + iy, 9)

where ai, Bi, 70 > 0 are blending weights. The values used in the evaluation are empirical
piecewise constants:

(0.01,0.01,0.98), critical zone,
(a,B,1) = { (0.15,0.60,0.25), dgoq < 0.5m, (10)
(0.25,0.30,0.45), otherwise.

The critical zone is d < 7, + 0.35 m for obstacles and d < 0.5 m for other robots. Thus,
1 switches by mode rather than increasing continuously. Distance dependence is mainly
encoded in the avoidance vector magnitude. The tangential avoidance gain is kan = 0.55.
This rule is reactive and does not solve an online QP, MPC, or CBF optimization problem.

For the e-puck-compatible evaluation, the blended planar direction is interpreted as
a desired heading rather than as a direct lateral displacement. The robot yaw is updated
by a bounded angular increment, and the forward displacement is reduced when the yaw
error is large. This prevents the simulated robot from moving sideways in one step, which
would not be physically meaningful for a differential-drive e-puck.

No polynomial trajectory generator is used. The robots are assigned intermediate
waypoints between start and goal positions, but the executed path is produced online by the
actor command, heading-limited forward motion, and the safety-blending rule. Therefore,
the curved trajectories should be interpreted as the result of local reactive navigation under
partial observability, not as optimized polynomial paths.
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3.6. Reward Structure

The reward balances progress, goal completion, smoothness, obstacle proximity, inter-
robot spacing, cross-track deviation, and team progress. The constants used in the evalua-
tion are listed in Table 2; they were empirically selected and then fixed for all reported runs.

Table 2. Implemented reward components and constants.

Term Implemented Value
Distance reward max(0,10 —d;)

Progress reward 50(dy—q1 — di)

Goal bonus +5ifd; < 0.5m
Smoothness penalty 2|lar — as_1||

Cross-track penalty 2€cross

Team spacing penalty 3(0.8 —d;j),if djj < 0.8 m

Obstacle collision penalty 100 inside the collision threshold
Inter-robot collision penalty 100 if robot distance is below 0.5 m

3.7. Execution Procedure

The online execution sequence is given in Algorithm 1. At each control step, every
active robot forms its local belief-conditioned state, evaluates the DDPG actor, blends
the actor proposal with goal and avoidance directions, and then applies the bounded
command. The episode ends when all robots reach their goals or when the maximum
horizon is reached.

Algorithm 1 Belief-Driven Hybrid Decentralized Navigation

Require: Robot states, goal positions, trained actor yp, maximum horizon T
1: fort =1to T do
2: for each active robot i do
3 Acquire local proximity observations
4 Update G = AG!_| + AG]
5 Build si = [xi,di, ¢, bi] ' '
6: Compute actor command a; = jig(s;) ‘
7 Compute goal direction e}, and avoidance direction €},
8 Blend command using Equation (9) and enforce action bounds
9: Execute ul for robot i
10: end for

11: if all robots have reached their goals then
12: break

13: end if

14: end for

4. Experimental Setup

The evaluation uses a simulated workspace with three e-puck mobile robots, as shown
in Figure 1. The scene includes three fixed cube obstacles, eight randomly placed debris
blocks, and five moving spherical obstacles. Each robot has its own goal and runs the same
decentralized controller from local observations. The recorded metrics include total steps,
robot success, timeout count, collision count, path length, and final reward.

The controlled evaluation uses five fixed random seeds, 101-105. Each run uses the
same trained DDPG policy with deterministic evaluation and stops a robot after 800 robot
steps if it has not reached its goal. Direct comparisons with external benchmark baselines
require matched protocols and are therefore left for future work.

https://doi.org/10.3390/robotics15080143
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Figure 1. Simulation workspace used for the controlled runs: three e-puck mobile robots, fixed cubes,
debris blocks, and moving spheres.

The available robot description provides simulation geometry, mass, and inertia terms
for the e-puck links. Hardware specifications such as payload capacity, motor torque,
electrical power, and drive-motor thermal limits are outside the claimed evaluation scope.
Table 3 lists the main simulation parameters, and Table 4 gives the start, goal, and waypoint
values used in the controlled runs.

Table 3. Simulation and robot parameters used in the controlled evaluation.

Parameter Value Used in Simulation
Simulator PyBullet

Robot model e-puck mobile robot model
Number of robots 3

Workspace bounds x,y € [-5,5]m

Start positions (—4,4),(4,4),(0,—5) m
Goal positions (4,-4),(—4,-4),(0,4) m
Nominal position increment 0.1 m per active robot step
Action bounds [—0.2,0.2] per component
Maximum yaw update 0.35 rad per active robot step
Minimum forward scale 0.15 before heading-error gating
Local sensing range 2.0m

Lane waypoints for robots 1-2, clearance
waypoints for robot 3
Per-robot timeout 800 robot steps
3 fixed cubes, 8 random debris blocks, 5
Obstacles .

moving spheres
Controlled seeds 101, 102, 103, 104, 105

Waypoint structure

Table 4. Start, goal, and waypoint structure used in the e-puck-compatible evaluation.

Robot Start (m) Goal (m) Intermediate Waypoints (m)

1 (—4,4) (4,—4) (—1.8,2.2),(0.2,0.2), (2.2,—1.8)
1.8,2.2),(-0.2,0.2),

: ay ey (1570020
0.8,-2.8),(1.2,-0.5), (1.4,1.8),

3 (0,=5) (0,4) é1.2,3.4) . . )

Figure 2 shows the corresponding waypoint layout and fixed-obstacle positions.
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https://doi.org/10.3390/robotics15080143

Robotics 2026, 15, 143

8 of 16

Waypoint and fixed-obstacle layout

y (m)
o

—4 4 —® Robot 1
== Robot 2
—e— Robot 3
#8 fixed obstacles

-4 -2 0 2 4

Figure 2. Waypoint and fixed-obstacle setup for the controlled e-puck-compatible evaluation. Squares
represent starting locations, stars represent goal locations, and crosses represent fixed cube obstacles.

5. Results

5.1. Controlled Evaluation

Table 5 shows the controlled five-seed e-puck compatible evaluation results. In all the
five rounds, the full execution is achieved without exceeding per-robot timeout. There was
no recorded collision during the evaluation round. Table 6 gives the aggregate values over
the same seed set.

Table 5. Controlled e-puck-compatible evaluation over five fixed seeds.

Seed Total Steps  Successful Robots Timed-Out Robots  Total Collisions

101 202 3/3 0/3 0
102 129 3/3 0/3 0
103 124 3/3 0/3 0
104 130 3/3 0/3 0
105 126 3/3 0/3 0

Table 6. Controlled-evaluation metrics for seeds 101-105 in the e-puck-compatible simulation.

Metric Value over Seeds 101-105
Three robot complete runs 5/5 runs

Mean success rate 100.0%

Mean successful robots per run 3.0/3

Mean timed-out robots per run 0.0/3

Mean episode length 142.2 steps
Minimum / maximum episode length 124/202 steps
Mean collision count 0.0

Best run by steps Seed 103, 124 steps

https://doi.org/10.3390/robotics15080143
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Five runs of the evaluation resulted in 3/3 complete robots per seed. The average
number of steps in each episode was 142.2, with no timeouts or collisions detected during
evaluation. The run with seed 103 had the fewest number of steps, at 124, while seed 101
had 202 due to the lengthy path of robot 2. Figure 3 plots the same five-seed summary.

Episode steps Success rate Safety events

== mean=1422 == collisions.
100 = timeou ts

0.8
80 1

0.6
60 1

Count

204 0.4

Success (%)

201 0.2

0.0 T T T T T
101 102 103 104 105 101 102 103 104 105

103
Seed Seed Seed

Figure 3. Seeds 101-105 in the controlled evaluation. Each run met all three out of the three goals,
and the collision and timeout traces stayed at zero.

Table 7 reports the final robot-level values for seed 105. Seed 105 ended after 126
simulation steps. The recorded outcome was successful robots = 3/3, timed-out robots
= 0/3, and total collisions = 0. Table 8 further reports path-ratio values for the same run.

Table 7. Seed 105 final controlled run. Robot labels match the trajectory colors used in the follow-
ing figures.

Robot Steps Collisions Path Length (m)  Final Reward
Red robot 114 0 11.29 1966.0
Green robot 126 0 12.44 1761.9
Blue robot 104 0 10.66 1613.1

Table 8. Robot-level path and collision values for seed 105. Path ratio is the measured path length
divided by direct start-goal distance.

Direct Path Ratio/
Robot Steps Distance (m) Path Length (m) Collisions
Red robot 114 11.31 11.29 1.00/0
Green robot 126 11.31 12.44 1.10/0
Blue robot 104 9.00 10.66 1.18/0

For seed 105, the red robot was the one that stayed closest to the straight-line distance
between its start and goal position with a path ratio of 1.00. However, the blue robot had a
path ratio of 1.18 since its chosen path included clearance via waypoints from the obstacle
at (0,3). It still finished in 104 local steps, fewer than the red and green robots. Figures 4
and 5 show these robot-level values graphically.

Completion steps Path length Collision timesteps
1.0

direct

1 i
120 12 = [ogged path

100 104 0.8

80 0.6

Count

60
0.4+

Robot-local steps
Distance (m)
o

40 4

0.29
20 24

0.0 T T T
J ot? o e a0oo? 00" o ot a?

Figure 4. Seed 105 robot-level plot with completion steps, measured path length, direct start—goal
distance, and collision events.
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o
=)

o
o

Logged path / direct distance

o
)

0.0-

o
i
L

Seed-105 path efficiency

Robot 1 Robot 2

=== direct path ratio

1.18

Robot 3

Figure 5. Path-efficiency ratio for seed 105. Path efficiency ratios closer to 1 indicate paths that

approach the optimal path between start and goal.

5.2. Trajectory, Collision, and Reward Behavior

Figure 6 shows the robot trajectories for seed 105. Trajectories adhere to the cor-
ridor waypoints and retain local curvatures from the heading-constrained control and

reactive collision.

Y (m)

Robot Trajectories

*

-4 -2 0
X (m)

Figure 6. Robot trajectories in the representative run for seed 105, compatible with the e-puck

simulator.

Figure 7 combines cumulative reward and cumulative collision traces for seed 105.

The collision trace remains at zero for all robots.
Figure 8 gives the cumulative collision trace separately for the same trial.
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Cumulative reward, seed 105 Cumulative collisions, seed 105
1.0
2000 7 __ popot 1 —— Robot 1
18004 —— Robot 2 == Robot 2
= Robot 3 0.8 1 == Robot 3
- 1600 1
°
g 1400
o L 061
2 1200 1 s
=
3 1000 A © 044
g
3 8001
600 1 0.2 1
400
T T T T T T T 0.0 T T T T T T T
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Robot-local step Robot-local step

Figure 7. Cumulative reward and cumulative collision traces for the representative seed 105 run.

Cumulative Collisions Over Time

—— Robot 1
~—— Robot 2

0.04 —— Robot 3

0.02

0.00 1

Number of Collisions

—=0.02 4

—0.04

0 20 40 60 80 100 120
Timestep

Figure 8. Cumulative collisions graph for the exemplary seed-105 trial.

Figure 9 below is a representation of cumulative reward behavior. Reward fluctuations
depend on goal achievement, waypoint switching, obstacles, and local control mechanisms

Cumulative Reward Over Time

2000 A —— Robot 1
~—— Robot 2

—— Robot 3
1800 4

1600 1

1400 4

1200 4

1000 1

Cumulative Reward

800 -

600 -

400

0 20 40 60 80 100 120
Timestep

Figure 9. Cumulative reward curves for the three robots during the representative seed 105 simula-
tion run.
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5.3. Controlled Evaluation Summary

Table 9 is a summary of some of the recordings from the controlled experiment. Seed
103 provided the quickest controlled performance in this series, whereas seed 105 is the
sample final run for trajectory, collision, and reward graphs.

Table 9. Selected records from the controlled five-seed evaluation.

Record Seed Steps Success  Timeout Collisions
First controlled run 101 202 3/3 0/3 0
Shortest controlled run 103 124 3/3 0/3 0
Final controlled run 105 126 3/3 0/3 0

The controlled evaluation summary from Figure 10 also describes the same five runs.
The biggest difference in that summary is the episode duration, rather than the success and
collision pattern. Only seed 101 exceeds 200 steps, while the other four finish within the
range of 124 to 130 steps.

Training Progress Dashboard

Collision Reduction Over Training Efficiency Improvement

==~ Target: 0 200

190

-
3
3

0.02

-
S
S

=
>
3

Total Collisions
o
°
3
Q
L
L
<
L
Steps to Completion

—
&
S

-0.02

-0.04 130

1.0 1.5 2.0 25 3.0 3.5 4.0 4.5 5.0 1.0 15 2.0 25 3.0 3.5 4.0 4.5 5.0
Run Number Run Number

Success Rate Overall Performance Score

100 - & 3 & - 177.5 Trend

175.0
80
1725

60 170.0

167.5
40

Success Rate (%)
Score (Higher is Better)

165.0

20 162.5

Perfect: 100% 160.0

1.0 15 2.0 25 3.0 35 4.0 4.5 5.0 1.0 15 2.0 25 3.0 35 4.0 4.5 5.0
Run Number Run Number

Figure 10. Controlled evaluation summary for the five fixed-seed e-puck-compatible runs. Color
groups distinguish the success, timeout, collision, step-count, path-length, and reward panels.

5.4. Comparative Evaluation of Controller Variants

A comparative evaluation was carried out to assess the effect of the final hybrid control
strategy relative to a legacy DDPG-dominant controller. The legacy controller used the
same actor-based navigation structure but relied on the earlier geometric blending rule.
Both controller variants were evaluated with the nominal three-robot start-goal layout and
the same five fixed seeds, 101-105.

The controller-variant comparison shows that the final hybrid controller removed the
timeout cases observed with the legacy DDPG-dominant controller. The mean episode
length also decreased from 621.4 steps to 142.2 steps. This indicates that the final blending
and waypoint-recovery logic contributed to reliable completion in the nominal three-robot
setting, rather than only preserving the behavior of the learned actor. Table 10 gives the
numerical comparison.
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Table 10. Comparative evaluation of controller variants over five fixed seeds.
Controller Variant Full Success Mean o Mean Steps Mean Collision Timeouts
Success (%) Count
Legacy DDPG-dominant 3/5 86.7 621.4 40 5
controller
Final hybrid controller 5/5 100.0 142.2 0.0 0

5.5. Stress and Corner-Case Evaluation

The stress suite then used 10 seeds, 101-110, for each scenario. It changed robot
count, crossing symmetry, corridor layout, and dynamic-obstacle density while keeping
the same hybrid controller. Collision timesteps count control steps with active contact.
Collision events use a cooldown counter, so one continuous contact is not counted again at
every timestep.

Table 11 shows that robot count alone was not the dominant failure source in these
tests. The four-robot swap and five-robot crossing cases completed in all 10 seeds. However,
the five-robot crossing case had a higher collision-event count than the nominal and four-
robot cases, indicating that denser robot interactions increase safety-layer activity even
when goals are reached. Dense dynamic obstacles produced the clearest failure mode: only
5 of the 10 runs completed all robots, and 5 robot timeouts occurred. Figure 11 visualizes
the stress-test summary.

Table 12 extracts the robot-count subset from the stress suite.

Table 11. Ten-seed stress and corner-case evaluation of the hybrid controller. CT denotes collision
timesteps and CE denotes cooldown-based collision events.

. Full Mean Mean Mean .
Scenario Robots Success Success Steps CT/CE Timeouts
Nominal 3 10/10 100.0% 134.7 0.0/0.0 0
Four-robot swap 4 10/10 100.0% 201.0 21/09 0
Five-robot crossing 5 10/10 100.0% 152.4 171/ 4.3 0
Symmetric deadlock 4 10/10 100.0% 130.0 14 /05 0
Corridor crossing 3 10/10 100.0% 148.0 72/16 0
Dense dynamic obstacles 3 5/10 83.3% 539.9 36.6 / 10.1 5
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Figure 11. Hybrid controller stress test summary over 10 seeds per scenario. The dense dynamic-
obstacle case is the main failure condition.
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Table 12. Scalability subset extracted from the stress suite. The five-robot crossing case completed all
runs, but collision activity increased.

Scenario Robots Full Mean Mean Mean
Success Steps CT CE
Nominal 3 10/10 134.7 0.0 0.0
Four-robot swap 4 10/10 201.0 2.1 0.9
Five-robot crossing 5 10/10 152.4 17.1 4.3

Figure 12 shows the corresponding scalability trend.
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Figure 12. Scalability trend for the three-, four-, and five-robot stress cases. Success remains at 100%,
while collision timesteps and collision events increase for the five-robot crossing case.

Table 13 summarizes the main observed strengths and limitations from the stress suite.

Table 13. Main observed strengths and limitations from the stress suite.

Observed Strength Observed Limitation

Completed all nominal, four-robot swap, = Dense dynamic obstacles caused 5/10
five-robot crossing, symmetric-deadlock, full-success runs, 5 timeouts, and the
and corridor runs over 10 seeds. largest collision-event count.

No online QP, MPC, CBE, or polynomial The reactive safety layer does not provide

N . . formal invariance or worst-case
optimization was required at runtime. . . .
collision-avoidance guarantees.

Heading-limited execution removes
earlier side-slip behavior and is more
consistent with e-puck-style motion.

Hardware validation is still required
before physical deployment.

Collision activity rises in denser robot
interactions, even when all goals are
reached.

The method scales to five robots in the
crossing test without timeout.

6. Discussion

The controlled e-puck-compatible results show that the hybrid controller can guide all
three robots to their goals in the tested nominal configuration. Seeds 101-105 completed
all three goals with no timeout and no collision timestep. The larger stress suite gives a
broader view: the controller also completed all runs in the four-robot swap, five-robot
crossing, symmetric deadlock, and corridor scenarios over 10 seeds per scenario. However,
the dense dynamic-obstacle scenario exposed the main limitation, with 5 full-success runs
out of 10 and 5 robot timeouts.

Another factor was the change from lateral pose updates to heading-limited forward
motion. Earlier side-slip behavior gave trajectories that were not suitable for e-puck
interpretation. The revised controller constrains yaw change and reduces forward motion
when the desired direction is far from the current heading. This led to more realistic path
execution for a differential-drive robot.
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Physical Robot Implementation Considerations

The current evaluation is limited to simulation, and physical robot execution would re-
quire additional validation before the controller can be treated as hardware-ready. The main
practical issues are as follows:

*  Thesimulation bypasses robot acceleration, braking, and turning dynamics. The critical-
zone avoidance rule may therefore provide less clearance on hardware when the robot
cannot instantly rotate or stop.

*  The DDPG actor uses idealized position, waypoint, LIDAR-sector, and belief fea-
tures. Localization or feature-construction errors may produce actor inputs outside
the training distribution.

*  The avoidance weights, distance thresholds, tangential gain, and heading limits are
simulation-tuned and require hardware-specific validation because they depend on
robot speed and control-update rate.

e  Hardware testing must also account for wheel slip, floor friction variation, sensing
latency, occlusion, battery voltage changes, and mechanical tolerances. These are
common real-world challenges for multi-robot navigation, not limitations specific to
the proposed controller.

7. Limitations
The limitations of this study are as follows:

*  The evaluation uses fixed seed sets and manually specified waypoint corridors;
broader randomized testing would further characterize generalization.

¢  The safety-blending layer is reactive and empirical, so it does not provide formal
collision avoidance guarantees.

*  Dense dynamic obstacles remain the most difficult tested case, and physical robot
validation is outside the current scope.

8. Conclusions

A belief-driven hybrid reinforcement learning framework was evaluated for decentral-
ized multi-robot navigation under partial observability. The method combines a compact
belief-conditioned state representation, a DDPG-based continuous policy, and a lightweight
geometric safety-blending layer. In the controlled five-seed e-puck-compatible evaluation,
full three-robot completion occurred in all five runs. The mean episode length was 142.2
steps, and no collision timestep was recorded in the controlled evaluation. The controller-
variant comparison showed that the final hybrid controller improved full-success runs
from 3/5 to 5/5 and reduced mean episode length from 621.4 to 142.2 steps relative to the
legacy DDPG-dominant controller. A larger 10-seed stress suite showed full completion for
nominal, four-robot swap, five-robot crossing, symmetric-deadlock, and corridor scenarios,
but dense dynamic obstacles reduced full-run success to 5/10 and produced five timeouts.

Future work should include wider multi-seed evaluations, stronger collision-free
safety guards, improved handling of dense moving obstacles, hardware-level runtime
profiling, and physical robot validation.
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