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Abstract

This study presents a decentralized shared actor—critic framework for cooperative multi-
robot coverage in continuous two-dimensional simulation. The method combines
permutation-invariant local observations, continuous differential-drive control, and reward
shaping based on stepwise Hungarian assignment distances, collision penalties, and time
efficiency. Homogeneous teams of four, five, and six agents are evaluated in an obstacle-
free environment using five independent training seeds. In the final training window, the
full reward configuration achieved full-team success rates of 98.2 & 2.9% for four agents,
85.1 & 18.0% for five agents, and 96.3 £ 2.0% for six agents, with mean landmark coverage
above 96% in all cases. The lower mean in the five-agent setting was associated with
higher seed-level variability dominated by one low-success seed. Reward ablations without
assignment shaping or collision penalties remained viable, and seed-level tests did not
show a statistically significant final-window advantage of the full reward configuration.
The full configuration reached the 80% rolling-success threshold earlier in median terms,
with the clearest seed-level support in the four-agent setting. Within-environment com-
parison showed higher full-team success than MADDPG and MAPPO under the matched
training horizon and final-window protocol. Deterministic arena-size transfer from 15 x 15
to 30 x 30 showed decreasing full-team success as arena size increased, while partial land-
mark coverage remained higher than strict full-team completion. The results support the
method for small homogeneous teams in the tested obstacle-free simulation, while larger
teams, external obstacles, aerial-robot dynamics, formal safety guarantees, and hardware
deployment remain future work.

Keywords: multi-robot systems; multi-agent reinforcement learning; shared actor—critic;
decentralized coordination; task allocation; collision-aware motion; continuous control;
cooperative coverage

1. Introduction

Reinforcement learning (RL) and deep reinforcement learning (DRL) provide a frame-

work for sequential robotic decision making in wuncertain and continuous
environments [1-6]. In multi-agent reinforcement learning (MARL), several agents learn
and act simultaneously, which introduces non-stationarity, partial observability, coordi-
nation difficulty, and credit-assignment challenges [7-12]. These challenges are directly
relevant to cooperative multi-robot coverage, where robots must distribute themselves over

spatially separated targets while limiting interference and inefficient motion.
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The problem is relevant across ground and aerial multi-robot systems. Multi-agent
strategies are increasingly studied for connected and automated vehicles [13], decen-
tralized multi-robot coordination [14], and swarm robotics [15,16]. Related application-
oriented work includes intelligent perception pipelines [17], self-organizing mobile-robot
frameworks [18], and behavior-based or fuzzy-logic coordination strategies for swarm
motion and terrain monitoring [19-24]. Aerial multi-agent systems further motivate cov-
erage research, including drone monitoring, decentralized UAV control, obstacle-aware
navigation, route optimization, and multi-UAV planning taxonomies [25-30]. However,
UAV-specific dynamics, sensing, communication, safety constraints, and hardware valida-
tion are outside the scope of this study. The present work evaluates an abstract obstacle-free
two-dimensional simulation rather than a platform-specific deployment.

Several MARL algorithm families define the methodological context. MADDPG uses
centralized critic information during training while retaining decentralized actors at execu-
tion time [31]; VDN and QMIX decompose or factorize team value functions [32,33]; COMA
addresses cooperative credit assignment [34]; and PPO-based methods such as MAPPO
and IPPO have shown strong empirical performance in cooperative benchmarks [35-37].
In continuous-control actor—critic learning, DDPG provides a deterministic off-policy foun-
dation, while TD3 and SAC address related stability and exploration issues [3,38,39].
Standard cooperative MARL environments such as SMAC, SMACv2, and VMAS provide
broader benchmark contexts [40-42]. This paper instead studies a custom continuous-
control coverage task and includes direct within-environment comparisons with MADDPG
and MAPPO; broader benchmark evaluation is left for future work.

The research gap lies in coupling assignment, coverage, and collision-aware contin-
uous motion within a decentralized learned policy. Multi-robot task allocation (MRTA)
remains difficult because robots must be assigned to goals or subtasks under resource,
time, and coordination constraints [43-46], with additional computational structure stud-
ied through complexity and greedy-allocation analyses [47,48]. Collision-aware behavior
remains difficult under dense interactions, especially in continuous space [49-52]. Cov-
erage also becomes harder as team size grows because completeness, efficiency, collision
avoidance, and interference must be balanced simultaneously [53]. Multi-agent path
finding (MAPF) offers well-defined graph-based formulations and benchmarks [54-61],
including learning-based variants such as PRIMAL and SCRIMP [62,63]; however, graph-
based MAPF remains distinct from continuous, dynamics-aware robotic coverage. Re-
cent work on coverage-oriented DRL and curriculum-based MARL further indicates that
stable multi-robot learning often requires structured training rather than naive end-to-
end optimization [64-67]. Stability and robustness also remain important in broader RL-
controlled multi-component systems [68].

Existing approaches therefore often emphasize one aspect of the problem at the ex-
pense of another: graph planners provide combinatorial structure but abstract away contin-
uous execution; centralized learners can optimize efficiently but may introduce scaling and
robustness concerns; and behavior-based or fuzzy-rule systems can be efficient but often
remain task-specific or manually designed [19-21,23,29]. In contrast, this study targets
a local-observation-based formulation in which assignment and collision-aware motion
are coupled within a single learned policy operating directly in continuous state-action
spaces. The novelty is not any individual component alone, but the specific integration of
assignment-aware reward shaping, shared local actor—critic learning, permutation-invariant
observations, and continuous differential-drive coverage evaluation.

Accordingly, the aim of this research is to develop and evaluate a decentralized learn-
ing framework for cooperative coverage in which homogeneous agents share a common
actor—critic structure, observe the environment through local permutation-invariant repre-
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sentations, and receive assignment-aware guidance through stepwise Hungarian matching.
The work addresses three questions: whether dynamic goal assignment and collision-aware
motion can be integrated into one continuous-control policy, whether the formulation re-
mains effective over the evaluated team sizes n € {4,5,6}, and whether decentralized
execution can be preserved in the tested simulated setting. These questions place this study
at the intersection of MARL, MRTA, small-team multi-robot coordination, and continuous
robotic navigation [36,41,69-78].

The experiments evaluate this formulation within a deliberately limited scope: homo-
geneous differential-drive agents, team sizes n = 4,5, 6, and an obstacle-free continuous
two-dimensional coverage environment. The evaluation includes multi-seed training, re-
ward ablations, HER /restart training-pipeline ablations, within-environment MADDPG
and MAPPO baselines, deterministic arena-size transfer, sample-efficiency diagnostics,
direct collision metrics, path-length diagnostics, and computational-cost reporting. The con-
tribution is therefore an empirical analysis of an integrated shared actor—critic framework
for small-team simulated multi-robot coverage; larger teams, obstacle-rich environments,
platform-specific UAV dynamics, standard MARL benchmark suites, and physical deploy-
ment remain future work.

2. Materials and Methods

2.1. Problem Formulation
2.1.1. Task Definition

The task under consideration involves n cooperative agents operating in a continuous
two-dimensional environment containing # fixed target locations, hereafter referred to as
landmarks. At the beginning of each episode, both agents and landmarks are positioned
randomly within the environment without overlap. The objective is for all agents to
reach and remain at assigned landmarks while minimizing the total distance traveled by
the group.

The coordination problem is addressed in a simplified simulation setting. Each agent
is represented by its planar position for assignment and observation purposes; collision
checking uses a finite agent radius, and motion follows the differential-drive kinematic
model described in Section 2.2.3. This abstraction allows this study to focus on the coordi-
nation and assignment mechanisms in an obstacle-free simulated coverage task. Extensions
to platform-specific dynamics, richer sensing, external obstacles, and physical robots are
outside the present evaluation.

2.1.2. Environment Design

The environment is modeled as a continuous two-dimensional plane with an
environment-size parameter L used for initialization and coordinate normalization. Agents
and landmarks are initialized inside the L x L sampling domain, but agent positions are
not clipped to this domain during an episode. Each agent is represented as a circular entity
with a fixed radius and is capable of executing continuous velocity commands in the plane.
Landmarks are modeled as points, each representing a target location that must be covered
by exactly one agent.

No external static obstacles are included in the experiments reported in this study.
Collision checking is therefore performed among agents and, after completion, inactive
agents may remain as occupied entities in the environment. Obstacle-rich environments
are outside the scope of the present evaluation.

At the start of each episode, the positions of agents and landmarks are initialized
randomly within the L x L sampling domain, ensuring that no initial overlaps occur.
The episode proceeds in discrete time steps, during which agents move according to
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their control inputs and may move outside the initial sampling domain. The simulation
terminates when either all landmarks have been reached by their assigned agents or a
predefined maximum number of steps is exceeded.

2.2. Reinforcement Learning

Reinforcement learning (RL) is a computational framework for sequential decision-
making, where autonomous agents learn to act in an environment through trial-and-error
interaction [2]. At each discrete time step, an agent perceives the environment through an
observation, selects an action according to its policy, and receives both a scalar reward and
the subsequent observation as feedback from the environment. The policy is updated so as
to maximize the expected long-term return, usually defined as the discounted cumulative
sum of rewards. This closed feedback loop between perception, action, and reward enables
the emergence of adaptive behavior without explicit supervision.

In multi-agent reinforcement learning (MARL), several agents operate concurrently
in a shared environment, each with its own stream of observations, actions, and rewards.
Figure 1 illustrates this interaction, where each agent transmits an action to the environment
and in return receives an observation-reward pair. The setting naturally extends the single-
agent case but introduces additional challenges related to coordination, partial observability,
and non-stationarity induced by the simultaneous adaptation of multiple policies [79]. Ad-
dressing these challenges requires careful problem formulation and learning architectures
that support stable training and evaluation across team sizes.

Agent 1 Agent 2 Agent N

ai
y‘To

a
(4 Rk46]

an
Nj‘No

Environment

Figure 1. Multi-agent interaction with the environment. Each agent i € {1,..., N} selects an action 4;
and receives an observation-reward pair (0;,7;) from the environment.

2.2.1. Markov Decision Process

A Markov decision process (MDP) provides a formal foundation for reinforcement
learning by modeling sequential decision making under uncertainty. An MDP is defined
by the tuple (S, A, P, R, ), where S is the set of states, A is the set of possible actions,
P(s' | s,a) denotes the probability of transitioning from state s to state s’ after taking action
a, R(s, a) represents the expected reward for that transition, and 7y € [0,1) is the discount
factor that prioritizes immediate rewards over distant ones [1]. A policy 7t(a | s) specifies
the behavior of an agent in terms of action selection given current state. The goal is to
determine a policy that maximizes the expected cumulative discounted reward:

J(m) = Ex

[e9)

Z Vel

t=0

In the multi-agent domain, each agent i interacts with the shared environment in-

dependently, with its own local state s;, action 4;, and reward r;. A critic estimates the
action-value function Q;(s;, a;), defined by the Bellman equation:

Qi(si,a;) = E[ri + v Qi(s, aj) | si,ai],
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where s} and 4] are the subsequent state and action of agent i. A shared actor delivers
a common policy 7(a; | s;) across all agents. A shared actor provides a common policy
parameterization across homogeneous agents, while the local critic avoids the complexity
of joint-action value estimation. Coordinated behavior arises implicitly through shared
parameter learning rather than explicit centralized action evaluation.

2.2.2. State Space

The state space of each agent coincides with its observation space, since every agent
directly perceives the relevant information from the environment without additional hidden
variables. Figure 2 illustrates the geometry of the observation process for an observing
agent (red), another agent (blue), and a landmark (green), together with their projections
in both the global coordinate system (X,Y) and the observer’s local coordinate system
(X', Y"). Each agent i occupies a position (Xj, Y;) in the global frame and is oriented with
heading 6; relative to the X-axis. The observing agent establishes its local coordinate
system by aligning the X’-axis with its own heading direction 6;, while the Y’-axis is
defined orthogonally. A point (X, Y) expressed in the global frame is transformed into the
observer’s local frame according to

X! cosf; sinf;| | X—X;
Y’ —sin 91' Ccos 6,‘ Y — Yi

Consequently, the position of the landmark (X}, Y;) is represented in local coordinates as
(X],Y]), and the position of the other agent (Xg, Y,) as (X}, Y;). The orientation of another
agent g, specified globally as 6, is expressed in the local frame of the observer by the
relative heading

0 =0, —0;,

which is subsequently normalized through its trigonometric representation
(cos®’, sin@’),

in order to avoid discontinuities at the boundaries 7t and to provide a continuous encod-
ing. To achieve scale invariance with respect to the physical dimensions of the environment,
all relative coordinates are normalized by the environment size L such that X' — X'/L
and Y’ — Y'/L. This normalization is applied consistently to landmarks and to other
agents. The state of the observing agent therefore comprises its own heading encoded as
(cos 8;,sin6;), the normalized relative positions of all landmarks and agents in its local
frame, and the relative headings of all other agents encoded as (cos ¢’, sin#’). Since both
agents and landmarks are interchangeable entities, their order within the state vector would
otherwise be arbitrary. To prevent ambiguity and to ensure invariance to permutations
across different episodes, landmarks and agents are sorted according to their relative dis-
tance to the observing agent before encoding them into the state vector. The agents evolve
according to differential-drive kinematics, where each agent executes an action a = (v, w)
consisting of a linear velocity v and an angular velocity w. The resulting dynamics are
described by

Xi(t+1) = X;(t) + vcos(b;), Yi(t+1) = Y;(t) + vsin(6;), 0;(t+1) =0;(t) + w.

As shown in Figure 2, the observing agent transforms the global positions of the landmark
and the other agent into its egocentric frame, computes the relative heading of the other
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agent, and normalizes all quantities to obtain a compact, continuous, and permutation-
invariant state representation.

Y @® Observing Agent
@ Other Agent
') —¢= Landmark
LANDMARK — Global axes (X, Y)
\7 /x == Observer axes (X', Y')

Y, . -
t OTHER
i AGENT

v
>

Figure 2. Geometric construction of the observation process. The observing agent (red) establishes its
local coordinate system (X', Y’) aligned with its heading 6;. The positions of the landmark (green)
and the other agent (blue) are projected into this frame, yielding (X}, Y/) and (X}, Y;), respectively.
The relative orientation of the other agent is given by 8’ = 6, — 6;.

2.2.3. Action Space

The control of each differential-drive agent is parameterized directly by its linear and
angular velocities. For agent i, the action at discrete time ¢ is

a;(t) = (vi(t), wi(t)),

where v;(t) is the forward (tangential) linear velocity, and w;(t) is the yaw rate. In the imple-
mented environment, the policy outputs a normalized action 4;(t) = (9;(t), @;(t)) € [-1,1]?
which is mapped to the physical controls by

’(’Jz‘(t) = %(ﬁl(t) +1) Umax, wi(t) = c?),-(t) Wmax-

Consequently,

Ui(t) S [0/ Umax]/ Wi(t) S [_ Wmax, wmax]/

with the constants fixed to vmax = 1 and Wmax = % in the reported experiments.

Let (x;(t),yi(t)) € R? denote the global position of agent i, and let 0;(t) € (—, 7] be
its heading in the global frame. With the above action parameterization, the discrete-time
kinematics used by the environment update positions and heading as

xi(t+1) = x;(t) +oi(t) cos(6:()),  yi(t+1) = y;(t) +vi(t)sin(6;(t)),

0;(t+1) = wrap(_, (6:(t) +wi(t)),

https:/ /doi.org/10.3390/robotics15070119
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where wrap _ -, (+) denotes angle wrapping into (—7, 7t]; in implementation this is real-
ized by modular arithmetic:

wrap_ . (¢) = ((¢ + 7) mod 277) — 7.

These equations correspond exactly to the update rules applied in the environment: the
normalized action is first scaled to (v;, w;) using the bounds above, then the position
increment (Ax, Ay) is computed along the current heading by (v; cos 6;, v; sin6;), and finally
the heading is advanced by w; and wrapped to the principal interval.

2.2.4. Reward Calculation

The total reward for agent 7 at time step ¢ is formulated as a weighted sum of active
reward components, each representing a distinct behavioral incentive. The scalar reward is

Ri(t) = o 5i(t),

where
ri( t) _ [rprog rgoal peover rcoll,a }’COH’O rlin r?ﬁr

’gime}—r
i ’i rhq ’i ’i AN AN .

/T

The active reward weights used in the full method and in the ablation experiments
are listed in Table 1. The unused zero-weight logging channel is omitted from the scalar
reward definition. These weights were selected empirically during preliminary tuning and
then kept fixed across the reported team sizes and seeds.

Table 1. Reward-component weights for the full method and ablated variants. The no-assignment-
shaping variant removes the progressive and assigned-distance shaping terms. The no-collision
variant removes collision-penalty terms.

Component Full No-Assignment No-Collision
Progressive reward, r}?mg 1 0 1
Distance-to-goal penalty, rlgoal 1 0 1
Landmark coverage reward, r{oV¢ 10 10 10
Agent-agent collision penalty, r?on’a 10 10 0
Inactive-agent/obstacle collision penalty, rfou’o 10 10 0
Linear velocity reward, r}m 1 1 1
Directional alignment reward, r?lr 1 1 1

Time penalty, rlt-ime 1 1 1

The weights are therefore treated as fixed experimental hyperparameters rather than
values derived from an analytical optimum; the effect of the collision-kernel sharpness
parameter is examined in Section 3.12.

Progressive reward measures stepwise improvement towards the assigned landmark.
It is defined as the difference between the previous and current assignment distances
(obtained via the Hungarian algorithm), normalized by the maximum linear velocity:
rl?mg(t) = M

i
Umax

This term is clipped to the range [—1, 1] to avoid extreme fluctuations. It rewards agents
for reducing their assignment distance and penalizes them when they move away from
their target.
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Distance-to-goal penalty provides a dense shaping signal based on the normalized
Hungarian assignment distance:
d?ew

goal .
7’1- (t) - L ’

where L denotes the environment size. This term penalizes large distances and encourages
agents to approach their assigned landmark. Both r?mg and r?oal directly rely on the
assignment distance, which is determined using the Hungarian algorithm that will be
described in the next subsection.

Landmark coverage reward gives a discrete bonus when an agent reaches its
assigned landmark:

1, if agenti covers its landmark at time ¢,

r?OVeI‘ ( t) —

0, otherwise.

The corresponding weight in Table 1 provides the positive completion bonus.

Collision penalty captures close proximity between agents and occupied entities.
For an active agent i, we use the same exponential proximity kernel for active-agent
collisions and inactive-agent/obstacle collisions:

d;
r;oll,S(t) - _ Z exp<— ¢ ]>/ S {a,o},

jeC;‘(t) dsafe

where d;; is the Euclidean distance between agent i and entity j, C7(t) is the set of ac-
tive agents within the distance threshold dg,g, and Cy (f) is the set of inactive completed
agents or obstacle entities within the same threshold. The reported experiments do not
include external static obstacles, so the obstacle part of C?(t) is empty in those experiments.
The constant ¢ = 7 is a fixed collision-kernel sharpness hyperparameter. Only distances
smaller than dg,¢ contribute. This term penalizes close proximity between active agents
and occupied entities.

Linear velocity reward encourages agents to move with sufficient forward speed. It is

defined as
li |of"|
rim(t) =—|1-—"= 7
OUmax
where oli" is the linear velocity of agent i. This provides higher rewards when agents

maintain velocities close to their maximum.

Directional alignment reward promotes efficient motion toward the assigned target.
Let 6; be the heading angle of agent i and d; the unit vector pointing from the agent’s
position to its assigned landmark. The reward is defined as

~

r;-ﬂr(t) = cos(6;,d;) — 1,

which takes its maximum at perfect alignment (0) and penalizes misaligned headings with
negative values.
Time penalty ensures efficiency by discouraging unnecessarily long trajectories:

Fime (1) = 1,

1

In summary, the progressive and distance-based components encourage steady motion
toward the assigned goals, coverage produces a positive signal upon successful completion,
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collision penalties penalize close proximity to occupied entities, velocity and alignment
terms shape locomotion, and the constant time penalty incentivizes timely coverage.

2.2.5. Hungarian Assignment Distance

At each time step ¢, the correspondence between the set of currently active agents
A; and the set of yet-uncovered landmarks £; is determined by solving a linear sum
assignment problem with the Euclidean distance as the cost. Let p;(t) € R? denote the
position of agent i € A and /;(t) € R? the position of landmark j € £;. The cost matrix
C(t) € RIMHXILe] §g

Cij(t) = |[pi(t) — ()]

1€ A, JE Ly
The optimal one-to-one matching o} : A; — L; is obtained by minimizing the total
assignment cost

{ = i Cioi) (1),
of = arg {,nelgigt (i) (1)
where S is the set of all injective mappings from A; to £;. The Hungarian distance used by
the reward is then the per-agent assignment distance induced by the optimal matching,

di(t) = Cipy(t), i€ A,

with d;(t) set to zero for inactive agents (i.e., agents that have already terminated) and for
agents without an available landmark when |£;| = 0. This assignment is recomputed at
every step t, so d;(t) reflects the current geometry and the evolving availability of agents
and landmarks. The optimization is solved with the Hungarian method (also known as the
Kuhn-Munkres algorithm), which provides an exact polynomial-time solution to the linear
assignment problem [69]. For m = |A;| < n active agents, the assignment step has O(m?)
time complexity and is recomputed at each environment step; this cost is negligible for the
evaluated n < 6 setting but may become relevant for substantially larger teams.

2.3. Proposed Learning Framework
2.3.1. Learning Procedure

The learning procedure employs a shared actor—critic architecture adapted for homo-
geneous multi-agent systems. A single actor network is shared among all interchangeable
agents, leveraging parameter sharing to promote consistent policy behavior across agents.
A single critic network is also shared across agents and is applied independently to each
local observation—action pair (0;,4;). The critic does not receive the global state or the
joint action. This setup uses the symmetry of homogeneous agent roles while preserving
decentralized execution [7].

During each learning iteration, a batch of transitions is sampled from the replay bulffer,
containing current observations, actions taken, decomposed reward components, next ob-
servations, and per-agent done flags. With a replay-buffer capacity of 50,000 transitions and
a maximum episode length of 500 steps, the buffer can reach capacity after approximately
100 full-length episodes; older transitions are then replaced by newer samples according to
the FIFO replay-buffer mechanism. The scalar reward for each agent is obtained from the
weighted reward components defined in Section 2.2.4, yielding the per-agent reinforcement
signal. The training pipeline also applies offline goal relabeling, following the principle
of hindsight experience replay [80], and a fixed outer restart criterion to increase goal-
reaching replay transitions and recover persistent no-progress runs; these auxiliary training
procedures do not modify the reward definition, actor—critic losses, policy architecture,
or deterministic evaluation protocol.

https://doi.org/10.3390/robotics15070119
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Target Q-values are computed using the target actor and target critic networks. For-
mally, for agent i in batch entry b, the target is

y = 1y (1-d?) Qu (0, 7y (0])),

(b) (b)

. is the observed reward, d; (b)
Tty is the actor target network, Qp is the critic target network, and 1y is the discount factor.

where r is the per-agent done flag, ol/« is the next observation,
Thus, terminated agents do not contribute a bootstrap term. The critic is optimized by
minimizing the mean squared error between the predicted Q-values and these targets over

valid samples:
1 b) (b b)]?
L critic = @ Z [QG(OE )’azg )) - yl( )} ’
(bi)eB
where B denotes the set of valid (batch, agent) pairs. Terminal reaching transitions are
retained in B, while terminated idle samples are masked out from the actor and critic losses.
Actor updates rely on maximizing the expected Q-value under the shared policy.
The corresponding loss is defined as the negative expected action-value across all agents:

1
Lactor = _ﬁ Z Qo (Ofb)/ 7T¢(01‘(b)))‘
(bi)eB

This formulation allows policy gradients to flow through the critic while ensuring contribu-
tions from each agent are aggregated equally.
Soft updates of target network weights are performed via exponential moving averages:

0 10+ (1—1)¢, ¢ +1p+(1—1)¢,

with T < 1. This strategy stabilizes training by slowly tracking the main network parame-
ters, following the DDPG paradigm [3].

DDPG was selected because the action space consists of continuous velocity commands
and because its off-policy actor-critic update is compatible with replay-buffer training.
Alternative continuous-control methods such as TD3 and SAC address known stability is-
sues in actor—critic learning, while PPO/MAPPO-style methods provide relevant on-policy
cooperative MARL alternatives. The present study does not claim formal convergence
guarantees for nonlinear multi-agent DDPG; the evidence is empirical and is based on
multi-seed training, ablation, baseline, and generalization results.

By combining a shared actor with a shared local critic, this method aggregates ex-
perience across homogeneous agents while preserving decentralized execution at evalua-
tion time.

2.3.2. Shared Actor—Critic Architecture

The concept of a shared actor—critic architecture relies on the principle that agents with
identical capabilities and roles can operate using the same neural parameterization. In this
framework, both the actor and critic networks are common across all agents rather than
individualized per agent. Parameter sharing enforces a common policy and value-function
parameterization for homogeneous agents and promotes experience sharing across agents.
This property is useful when agents are symmetric in terms of observations, action spaces,
and objectives, because it reduces redundant network copies during training.

The actor network, illustrated in Figure 3, takes as input the local observation o;
of agent i. The input is first passed through a linear transformation, followed by layer
normalization and a rectified linear unit (ReLU) nonlinearity. The transformed represen-
tation is subsequently processed by a second linear layer with another ReLU activation.

https://doi.org/10.3390/robotics15070119
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The final layer applies a hyperbolic tangent (tanh) activation to constrain the output to the
valid action range, resulting in a; = 7y (0;). In the experiments, the actor hidden width is
max(256, obs_dim). This architecture ensures that each agent produces an action based
solely on its local observation, without access to observations or actions of other agents,
thus respecting decentralization at the execution stage.

Agent i observation Actor output: a; = n(s;)

RelU Hidden Layer 1 RelU Hidden Layer 2 fanh

Linear + LayerNorm Linear

Figure 3. Shared actor network mapping the agent observation o; to the action a; = 7y (0;).

The critic network, shown in Figure 4, estimates the value of a local observation—-action
pair by taking as input the concatenation of 0; and ;. This concatenated vector is processed
by a linear transformation, layer normalization, and a ReLU activation, producing an
intermediate representation that is passed through a second linear transformation with
another ReLU nonlinearity. The final output of the network corresponds to the scalar value
Q¢ (0, a;). The critic hidden width is max(128, input_dim). Unlike centralized CTDE critics
that depend on joint state—action representations, this formulation restricts the input to the
local pair (0;,a;). The critic is therefore shared across homogeneous agents but remains
local in its input structure; it does not explicitly estimate a joint state—action value or solve
multi-agent credit assignment through centralized information.

Agent i observation

S
\ Concat RelU Hidden Layer 1 ReLU Hidden Layer 2
/ nea Linear + LayerNorm Linear

— Qls;, a))

aj

Agent i action

Figure 4. Shared critic network mapping the observation-action pair (0;, 4;) to the value estimate

Qp(0;,a;).

Table 2 summarizes the hidden widths and parameter counts used for the shared actor
and critic networks in the experiments.

Table 2. Shared actor—critic network dimensions used in the experiments. Parameter counts are
reported for all evaluated team sizes. For the critic, the input dimension is the concatenated

observation—action dimension.

Network n Input Dimension Hidden Width Parameters
Actor 4 27 max (256, obs_dim) 73,986
Actor 5 35 max(256, obs_dim) 76,034
Actor 6 43 max (256, obs_dim) 78,082
Critic 4 29 max (128, input_dim) 20,737
Critic 5 37 max(128, input_dim) 21,761
Critic 6 45 max(128, input_dim) 22,785

2.4. Overall Algorithm

The training framework follows an actor—critic paradigm in which the shared actor
selects actions from local observations, and the shared critic evaluates local observation—
action pairs. Learning proceeds through interaction with the environment and storage of
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per-agent experience tuples in a replay buffer. At fixed intervals, mini-batches are sampled
and used to update both networks. Target networks are maintained to stabilize updates and
are softly updated to avoid oscillations. Algorithm 1 summarizes the main computational
steps, including per-agent done masking and valid-sample filtering.

Algorithm 1 Training loop with shared actor—critic learning and per-agent masking

1: Initialize environment; replay buffer D; shared actor 7ty; shared critic Qd"' target
networks 755, Qg
2: for episode = 1to N do

3: Reset environment and obtain local observations {o;}} ;
4 while episode not terminated do

5: for each agent i do

6: Select action a; <+ 714(0;)

7: end for

8: Execute joint action a = {a;}! ,

9: Observe next observations {o;}! ,, rewards {r;} ;, and per-agent done flags

{di}?zl
10: Store {(o0;,a;,1;,0},d;)}I' in D
11: if buffer ready then
12: Sample minibatch from D
13: Define valid set 3 by retaining terminal reaching transitions and masking
terminated idle samples

14: for each valid pair (b,i) € B do
15: a;(b) — H(;(O;(b))
W 4 (1 - ) 0o, 1)

17: end for

18: Update critic by minimizing

1 2
B L (e a) - u")
(bi)eB
19: Update actor by minimizing
1
~1B] Z Qo Ofb)f ﬂe(Ol(b)))
(bi)eB

20: p—TP+(1—71)p
21: 610+ (1—-1)0
22: end if
23; 0; o} for all agents
24: end while
25: end for

Table 3 lists the training hyperparameters and reproducibility details used in the
experiments. The table also records the collision-kernel sharpness parameter, the number
of independent seeds, and the network dimensions requested for reproducibility.

Table 3. Hyperparameters and reproducibility details used in training.

Parameter Value
Actor learning rate 1x1073
Critic learning rate 1x1073
Discount factor y 0.99
Soft update rate T 0.005
Batch size 128
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Table 3. Cont.

Parameter Value

Replay buffer size 50,000

Train frequency every 100 steps

Max episode steps 500

Environment size 20 x 20

Independent seeds 5

Agent radius 0.5

Safe distance 20}in, max

Collision-kernel sharpness ¢ =7

Reward weights Table 1

Actor hidden width max (256, obs_dim)

Critic hidden width max(128, input_dim)

Actor parameters 73,986 (n = 4); 76,034 (n = 5); 78,082 (n = 6)

Critic parameters 20,737 (n = 4); 21,761 (n = 5); 22,785 (n = 6)
3. Results

We evaluated the shared actor—critic policy on cooperative landmark coverage tasks
with team sizes n € {4,5,6}. The main training evaluation uses five independent random
seeds for each team size and reward configuration, with 1000 training episodes per run.
Unless otherwise stated, final-window metrics are computed over the last 200 training
episodes of each run and are reported as mean + standard deviation across seeds. These
training-window metrics are computed from the training trajectories and therefore include
the exploration setting used during training. Deterministic evaluation is reported separately
using saved policies without exploration noise and is used for environment-size transfer,
completion-time curves, direct collision-rate measurement, and path-length diagnostics.
The reported results should therefore be read as fixed-budget empirical performance rather
than as evidence of asymptotic convergence.

Let 7 (t) denote the k-th active reward component for agent i at timestep t, using the
reward-component ordering defined in Section 2.2.4. For the full reward configuration,
the fixed scaling vector is

«=(1,1,10,10,10,1,1,1).

The team return for episode e is

M-

Il
—_

8
Re=Y YY) aprip(t). 1)
T imlk=1

1

An episode is counted as a full-team success only if all n agents reach their assigned
landmarks within the horizon. Writing S, € {0,1} for this full-team success indicator over
a set £ of episodes, the empirical full-team success rate is

FA’:EZS@ (2)

Partial task completion is reported separately using the coverage metric

1 Z done_count,(Tmax)
4 n

6:

, )

ecf

where Thax is the episode horizon. Thus, an episode in which only a subset of agents
completes the task contributes zero to full-team success but contributes proportionally
to coverage.
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For completed episodes, time-to-completion is defined as
T, = min{ t : done_count, () =n }. 4)

Episodes without full-team completion before the horizon are retained as non-completions
at Tmax. Completion-time behavior is summarized using empirical full-team completion-
time curves, where the curve value at timestep ¢ is the fraction of evaluation episodes that
have completed by that timestep.

Uncertainty in the quantitative results is evaluated at the run level rather than by
treating episodes from a single training trajectory as independent samples. Final-window
full-team success rate, coverage, return, and completion-time summaries are therefore
reported across independent seeds. For reward-configuration comparisons, we use seed-
level Kruskal-Wallis tests as omnibus rank-based comparisons and Mann-Whitney tests
for pairwise contrasts [81,82]. Because each configuration uses five seeds, these tests are
interpreted as low-power seed-level checks rather than as equivalence tests; non-significant
results are not taken as evidence that two configurations are equivalent or that an ablated
component is unnecessary.

The subsections below report multi-seed learning performance, reward decompo-
sition and collision metrics, final-window performance across the evaluated team sizes,
assignment-shaping sample efficiency, training-pipeline ablations, diagnostic analysis of
the n = 5 case, qualitative and path-length diagnostics, seed-level statistical comparisons,
contextual positioning relative to prior work, reward ablations and sensitivity checks,
within-environment baselines, environment-size transfer, and computational cost. All
team-size conclusions are restricted to the evaluated range n € {4,5,6}, and deterministic-
evaluation results are distinguished from training-window results where they are reported.

3.1. Learning Performance

We assess learning using the rolling full-team success rate, averaged over five inde-
pendent seeds for each team size and reward configuration. We compare the full reward
configuration with two ablated variants: no-assignment-shaping removes the progressive
and assigned-distance shaping terms, while no-collision removes the collision-penalty
terms. These variants are analyzed quantitatively in Sections 3.5, 3.6 and 3.10.

For each run and reward configuration, we compute a rolling success estimate with
window w = 50, .

ZEE D VR ®)

j=max(1, e—w+1)
where S; € {0,1} indicates whether episode j achieved full-team success. The curves are
computed separately for each seed and then averaged across the five independent seeds.

Figure 5 shows that the rolling full-team success rate improves during the fixed
training budget for all evaluated team sizes and reward configurations. The individual
seed traces show that variability differs across settings, especially for some n = 5 runs.
Therefore, final-window performance is summarized quantitatively in Section 3.5, while
assignment-shaping effects on learning dynamics are analyzed separately in Section 3.6
and seed-level statistical comparisons are reported in Section 3.10. The curves are not
interpreted as proof of asymptotic convergence.
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Rolling full-team success rate by reward configuration

n=4 n=5 n=6

=
)
S

80

60

40

— Full
= No-assignment-shaping
= No-collision

20

rolling success rate (%, window 50)

o

0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
episode episode episode

Figure 5. Rolling full-team success rate over training using the estimator in (5). Thick curves show
the mean over five independent seeds for each team size and reward configuration; faint curves
show individual seed trajectories. The no-assignment-shaping variant removes the progressive and
assigned-distance shaping terms, while the no-collision variant removes the collision-penalty terms.

3.2. Coordination Efficiency

We evaluate how rapidly and progressively the teams achieve full-team coverage
under the full reward configuration. For completed episodes, T, denotes the completion
time defined in Equation (4). Coordination quality is reflected in the distribution of T,
across successful final-window episodes, the empirical cumulative probability of full-team
completion as time advances, and the mean progression of the number of completed agents
within an episode. For these diagnostic plots, curves and uncertainty bands are computed
at the seed level over five independent runs.

Figure 6 summarizes the final-window completion-time distributions for successful
full-team completion episodes. Most successful episodes complete before the 500-step hori-
zon, although the distributions retain long tails. Because this plot is restricted to successful
episodes, incomplete episodes are reflected separately in the cumulative completion curves
and full-team success rates. Thus, the final trained policies often achieve full-team coverage
within the horizon, while completion-time variability remains visible across team sizes.

Final-window completion time (Full, last-200 successful episodes)
500 A

400 -

300

200

Completion time T, (steps)

100

n=4 n=5 n=6
Team size

Figure 6. Completion-time distribution T, for the full reward configuration over the final training
window. The distribution is restricted to successful full-team completion episodes from the last
200 episodes of each seed and pooled across five independent seeds.

To connect these distributions to reliability over time, we compute the empirical
cumulative full-team completion function separately for each seed,

ﬁn,s(t) = b Z 1{ done_count,(t) =n}, (6)
|g”'s e€&ns
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where &, ; is the final-window episode set for team size n and seed s. This quantity reports,
at each timestep, the fraction of episodes in that seed that have already achieved full-team
completion. Episodes without full-team completion remain non-completed throughout
the horizon.

Figure 7 shows a steep early rise in completion probability, indicating that many
final-window episodes complete substantially before the horizon. Then = 4andn = 6
curves reach high cumulative completion levels, while the n = 5 curve remains lower and
shows wider seed-level variability. A faster rise of F, () means that a larger fraction of
episodes has already completed at earlier timesteps.

Cumulative team-completion (Full, last-200 episodes; band = SD across seeds)

= 1.0

0.8 1

0.6

0.4 1

0.2 1 — n=4
—— n=5
— n=6

Cumulative completion probability Fj,

0.0 T T T
0 100 200 300 400 500

Timestep t

Figure 7. Empirical cumulative full-team completion probability F, s(t) for the full reward configura-
tion over the last 200 episodes. Curves show the mean across five seed-level cumulative functions;
shaded regions denote standard deviation across seeds.

Finally, we examine how partial progress evolves within an episode by tracking the
mean number of completed agents as a function of time. Writing done_count, s () for the
number of agents that have finished by timestep ¢ in episode e from seed s, with post-
completion values carried forward to the horizon, we estimate the seed-level mean

N 1

Mns(t) = 5 Z done_count, s (f), (7)
‘ n,s BEEX,VS

where £}, denotes either the early or late episode window for team size n and seed s.
The plotted curves show the mean of 7, s(t) across seeds, with standard deviation across
seeds as the uncertainty band.

Figure 8 shows a pronounced change in intra-episode progress from early to late
training. Early curves increase gradually, indicating delayed and partial goal attainment.
Late curves rise more rapidly for all evaluated team sizes, showing that multiple agents
complete their assigned landmarks earlier in the episode. For n = 4 and n = 6, the late
curves approach the full-team ceiling, whereas n = 5 remains lower on average and shows
wider seed-level variability. This pattern is consistent with the final-window completion-
time distributions in Figure 6 and the cumulative completion dynamics in Figure 7.
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Completed-agent progression (Full, mean across 5 seeds, band = SD)

n=>5 n=6
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Figure 8. Mean progression of completed agents iy, s(t) for the full reward configuration. Early
curves use the first 100 episodes, and late curves use the last 100 episodes. Curves show the mean
across five seeds; shaded regions denote standard deviation across seeds.

3.3. Reward Decomposition

To interpret how the shaped objective in (1) changes during training under the full
reward configuration, we decompose the per-episode return into componentwise contribu-
tions using the active reward ordering defined in Table 1. This decomposition is descriptive:
it shows how the shaped objective evolves, but it is not interpreted as evidence that any
individual component is independently necessary. Let

Rep = Y. ) arix(t), (8)
ti=1

so that R, = 2%:1 R, k. We summarize the componentwise values over training episodes
and average them across five independent seeds. The scalar-return decomposition uses the
active reward components in Table 1; the plotted diagnostic also includes the logged dg)opal
channel, which is not included in R..

Figure 9 shows that the shaped return is strongly influenced by dense penalty terms,
especially distance, directional-alignment, linear-velocity, and time components. As train-
ing progresses, progress and landmark-coverage contributions become more evident, while
several penalty contributions decrease in magnitude. This pattern is consistent with im-
proved final-window coverage and completion behavior, but it should be interpreted as a
diagnostic of training dynamics rather than as evidence that the full reward configuration
is statistically superior to the ablated configurations.

Reward-component decomposition (n=6, full reward, 25-ep smoothed)

0 r —
S ‘/\/v
g
£ —1000 1 component
g —— 1. progress
S 2. distance
g 20001 —— 3.d_global
o 4. reach-goal
3 —— 5. agent-coll
32 6. obst-coll
'g. —3000 —— 7. direction
ul 8. v_lin
S |
Q —— 9. time
5
& —4000
€
0 200 400 600 800 1000
episode

Figure 9. Componentwise return decomposition for the full reward configuration. Curves show
smoothed per-episode scaled contributions of the logged reward components. The dgjqp,, channel is
shown only as a diagnostic logging quantity and is not included in the scalar reward R.. The figure
is used as a diagnostic of how the shaped objective evolves during training, not as an ablation of
component necessity.
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To examine collision-related behavior more directly, we report both the shaped
agent-agent collision penalty and a direct collision-count metric. For each training episode,
we sum the scaled agent-agent collision component over agents and timesteps and track
its magnitude through training. For deterministic evaluation, we also measure collision
steps directly: a collision step is counted when at least one active agent-agent collision is
recorded at that timestep.

Figure 10 displays an early increase in agent-agent collision penalty magnitude fol-
lowed by a decline as training advances. The transient increase is consistent with ex-
ploratory policies that occasionally choose conflicting motions; the subsequent reduction
indicates fewer collision-prone interactions in the simulated training setting. To comple-
ment the shaped penalty with a direct metric, the deterministic evaluation measured the
collision-step rate. In the 20 x 20 training arena, the mean collision-step rates were 1.56%,
1.62%, and 2.63% for n = 4, n = 5, and n = 6, respectively. In the 25 x 25 transfer arena,
the corresponding rates were 1.27%, 1.54%, and 1.85%. Thus, collisions remain measurable
but relatively infrequent on a per-step basis, while the rate increases with team size in the
training arena.

Collision: penalty magnitude + direct count

A. Collision penalty magnitude (training) B. Raw collision count (deterministic eval, env20)

IS
w
S

0.8

N
5]

0.6

-
)

0.4

o

0.2

|agent-agent collision penalty|
raw collision-steps per episode

0.0

0 200 400 600 800 1000 n=4 n=5 n=6
episode

Figure 10. Collision-related diagnostics for the full reward configuration. Panel (A) shows the
per-episode agent-agent collision-penalty magnitude during training. Panel (B) reports the raw
collision-step count per episode under deterministic evaluation in the 20 x 20 training arena.

Taken together, Figures 9 and 10 indicate that return improvements are associated with
changes across several shaped components rather than with a single reward term. These
collision-related results should be interpreted as simulation-level evidence of reduced
collision-prone behavior, not as a formal safety guarantee.

3.4. Task-Specific Behavior

We probe how the policy produces the observed coverage behavior under the full
reward configuration by examining geometric and kinematic traces. Let x;(t) € R? denote
the position of agent i at timestep ¢, and let {g; j—1 be the landmark set. The instantaneous
Hungarian (assignment) distance is the minimum average agent—goal distance under a
one-to-one matching,

ceS, N 2’ (9)

1
D(t) = min =) |[x;(t) — goi|
i=1

where S, is the set of permutations of {1, ..., n}. The minimization is solved at each t with
the Hungarian (Kuhn-Munkres) algorithm [69,70]. For the diagnostic plots in this section,
early and late curves are computed separately for each seed and then summarized across
five independent seeds.

Figure 11 shows a rapid initial drop of D(t) in the late phase for all evaluated team
sizes. The late curves remain below the corresponding early curves, indicating faster
reduction of assignment distance after training. The effect is strongest for n = 4 and n = 6,
whereas n = 5 shows wider seed-level variability. These traces indicate that the learned
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policy more quickly reduces assignment distance in the final training phase, although the
degree of consistency differs across team sizes.

Hungarian assignment distance (Full; mean across 5 seeds; band = SD)
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Figure 11. Mean Hungarian distance D(t) versus timestep for the full reward configuration. Early
curves use the first 100 episodes, and late curves use the last 100 episodes. Curves show the mean
across five seeds; shaded regions denote standard deviation across seeds.

Kinematic profiles complement the geometric picture. Writing v;(t) for the linear
speed and w;(t) for the angular speed (signed turn rate) of agent i, we summarize
per-timestep means

o0 = 3ol )= Vo) (10

These quantities reflect how aggressively the team moves and how much heading correction
is required.

Figure 12 shows a burst-settle pattern in the late phase. The late curves exhibit a
short initial velocity transient, followed by lower sustained linear and angular velocities.
The reduced angular activity is consistent with fewer heading corrections after the initial
approach phase and aligns with the lower late-phase Hungarian distances in Figure 11.
Early curves maintain higher linear and angular velocities for longer, indicating less settled
motion during the initial training phase. Together, these measurements link the observed co-
ordination behavior to faster assignment-distance reduction, earlier approach to landmarks,
and reduced heading correction in the final training phase.

Velocity profiles (Full; mean across 5 seeds; band = SD)
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Figure 12. Velocity profiles for the full reward configuration. (Top row): mean linear velocity 3(t).
(Bottom row): mean absolute angular velocity @(t). Early curves use the first 100 episodes, and late
curves use the last 100 episodes. Curves show the mean across five seeds; shaded regions denote
standard deviation across seeds.
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3.5. Performance Across Evaluated Team Sizes

We summarize final-window performance across the evaluated team sizes n € {4,5,6}
using five independent seeds per reward configuration. The final window is the last
200 training episodes of each run. Full-team success is counted only when all n agents
reach their goals within the horizon; time-limit terminations without full coverage are
not successes. Partial task completion is reported separately using the coverage metric.
Table 4 reports seed-level mean =+ standard deviation for full-team success rate, landmark
coverage, and per-episode return under the scaled reward of (1). The reward configurations
are defined in Section 3.1; their learning-speed differences are analyzed separately in
Section 3.6.

The full reward configuration maintains high average full-team success over the
evaluated range, with coverage above 96% in all three team sizes. The no-assignment-
shaping and no-collision variants also reach high final-window performance, and the
no-collision variant matches or exceeds the full configuration in final-window success for
n = 5 and n = 6; therefore, the reward-shaping terms are not interpreted as producing
a final-window success advantage from Table 4 alone. Their effect is instead evaluated
through the sample-efficiency analysis in Section 3.6 and the seed-level tests in Section 3.10.

To visualize final-window reliability across the evaluated team sizes and reward
configurations, we plot the seed-level full-team success rates with standard-deviation
error bars.

Figure 13 summarizes the final-window full-team success statistics graphically and
shows the seed-level values behind the aggregate bars. Together with Table 4, the results
show high average full-team success and coverage over the evaluated team sizes, while also
exposing seed-level variability in some configurations, especially for the full configuration
at n = 5. These results support conclusions only over the tested range n € {4,5,6};
larger-team scaling is not inferred from this experiment.

Final-window success by reward configuration (raw seeds overlaid)
100

B (=)} ©
o o o

final-window success rate (%)

N
o

n=4 n=5 n=6

Figure 13. Final-window full-team success rate across the evaluated team sizes and reward configura-
tions. Bars show the mean over five independent seeds; error bars denote standard deviation across
seeds; overlaid points show individual seed-level success rates.

Table 4. Final-window summary over five independent seeds. Metrics are computed over the last
200 training episodes of each run and reported as mean + standard deviation across seeds. SR: full-
team success rate; Coverage: mean fraction of landmarks covered; R: per-episode return under (1).

n  Configuration SR (%) Coverage (%) Mean R

4 Full 98.2+£29 99.6 £0.7 181.0 £ 62.8
4 No-assignment-shaping 97.0+2.4 99.24+0.6 144.4 +41.3
4 No-collision 86.4+21.8 96.4+58 —21.9+387.0
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n  Configuration SR (%) Coverage (%) Mean R

5 Full 85.1£18.0 96.7 £4.1 —32.1+£329.7

5 No-assignment-shaping  90.9 +4.9 98.2+1.0 102.7 £74.4

5 No-collision 96.5+3.0 99.3+£0.6 169.7 £ 62.6

6 Full 96.3 £2.0 99.4+£03 216.8 £43.8

6 No-assignment-shaping 89.6 +7.6 982+13 91.3£128.1

6 No-collision 96.6 £1.2 99.4+0.2 2241 +18.7

3.6. Assignment-Shaping Sample Efficiency

The final-window summaries in Section 3.5 show that the ablated reward configu-
rations can also reach high success after training. Therefore, we additionally evaluate
whether the assignment-aware shaping terms affect the speed at which successful coor-
dination emerges under the fixed training budget. For each seed, reward configuration,
and team size, we define the first episode at which the rolling success estimate in (5) reaches
a threshold of 80%:

Egp = min{e: g, > 0.8}. (11)

If the threshold is not reached, the run is treated as not reaching the competence threshold
within the training horizon.

Figure 14 shows the seed-level threshold episode Egy for each team size and reward
configuration. The median threshold episodes are 378, 511, and 453 for the full configuration
atn = 4,5, 6, respectively, compared with 491, 544, and 556 for the no-assignment-shaping
variant and 423, 548, and 465 for the no-collision variant. The full configuration reaches
the threshold earlier in median terms, but the seed-level statistical comparison supports
this advantage only for n = 4 (p = 0.028); the gaps for n = 5 and n = 6 are not statistically
significant at five seeds. Thus, the assignment-aware terms are not interpreted as producing
a statistically established final-window success advantage, and the evidence for faster
learning is limited to the tested fixed-budget protocol, with the clearest support at n = 4.

Sample efficiency: per-seed Ego (box + raw seeds)
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Figure 14. Sample-efficiency comparison across reward configurations using the per-seed threshold
episode Egy. Lower values indicate earlier emergence of high-rolling full-team success. Boxes
summarize the seed-level distributions; overlaid points show individual seeds, and runs that do not
reach the threshold within the training horizon are marked separately.

3.7. Training-Pipeline Ablation

The results above evaluate reward-level ablations. To separate these from training-
pipeline effects, we additionally ablate two auxiliary training mechanisms used in the full
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configuration: offline goal relabeling and orbit-restart handling. The full configuration uses
both mechanisms. Since the restart mechanism is implemented on top of the relabeling
procedure, the feasible ablation is a three-level ladder: full, no-restart, and no-HER. The no-
restart condition keeps goal relabeling but disables orbit-restart handling, while the no-HER
condition disables both.

Table 5 and Figure 15 show that removing the restart mechanism substantially in-
creases seed-level variability, especially for n = 5 and n = 6. In these settings, several
no-restart runs collapse to very low success, while other seeds remain competitive. This in-
dicates that the restart mechanism mainly acts as a robustness component for seed-specific
orbit or stalling failures, rather than uniformly improving all seeds.

Table 5. Training-pipeline ablation over five independent seeds. Values report final-window full-team
success rate (%) over the last 200 training episodes.

n Condition HER Restart SR (%)

4 Full Yes Yes 98.2+29
4 No-restart Yes No 78.1 £39.1
4 No-HER No No 96.1 +£2.7
5 Full Yes Yes 85.1 +18.0
5 No-restart Yes No 23.3 4+ 36.6
5 No-HER No No 55,5 +45.2
6 Full Yes Yes 96.3+2.0
6 No-restart Yes No 63.9 £28.0
6 No-HER No No 67.4+22.1

HER / orbit-restart ablation (raw seeds overlaid)
1001
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Figure 15. Training-pipeline ablation for HER and orbit-restart handling. Bars show mean final-
window full-team success rate over five independent seeds; overlaid points show individual seed-
level success rates.

The no-HER condition does not show a uniform degradation at n = 4, but it remains
less stable at # = 5 and n = 6. Therefore, the auxiliary training mechanisms should not
be interpreted as independently sufficient or uniformly necessary from this ablation alone.
Instead, the results support a narrower conclusion: the reported method is an integrated
training pipeline in which the reward design provides the main learning signal, while
restart handling improves robustness against seed-specific failure modes in the harder
team-size settings.

3.8. Diagnostic Analysis of the N = 5 Case

The final-window results in Section 3.5 show that the full reward configuration has
lower mean success and higher seed-level variability for n = 5 than for n = 4 and n = 6.
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To examine whether this reflects a systematic team-size effect or seed-level instability, we
inspected the per-seed final-window success rates for the full reward configuration.

Figure 16 shows that the lower average success at n = 5 is mainly caused by one seed
with 49.5% final-window success. The five n = 5 seed values are 49.5%, 94.5%, 98.5%, 92.0%,
and 91.0%. Including all seeds gives the reported 85.1 & 18.0% success rate. For diagnostic
interpretation only, excluding the single low-success seed gives an average of 94.0% with a
standard deviation of 2.9% for the remaining four n = 5 seeds, which is comparable to the
variability observed for n = 4 and n = 6. All formal summaries and comparisons, however,
retain the low-success seed.

Per-seed SR by team size (full mode)
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Figure 16. Per-seed final-window success rates for the full reward configuration. The increased
variability at n = 5 is dominated by one low-success seed, while the remaining n = 5 seeds are
comparable to the n = 4 and n = 6 settings. All aggregate results reported elsewhere retain all
five seeds.

This diagnostic indicates that the # = 5 underperformance is primarily associated
with a seed-sensitive failure mode rather than a consistent odd-team-size degradation.
In the low-success seed, trajectories and completion statistics indicate an orbiting or stalling
pattern in which the policy often reaches partial coverage but does not reliably complete
the final assignment within the horizon. This interpretation is consistent with the training-
pipeline ablation in Section 3.7, where removing restart handling produced seed-specific
collapses rather than uniform degradation across all seeds. The present data therefore
identify the dominant empirical source of the n = 5 variability, while a full causal analysis
of this failure mode remains outside the scope of the current evaluation.

3.9. Qualitative Evaluation

To complement the quantitative analyses, we visualize representative multiagent
trajectories from early training and from the final phase for each team size. Colored
polylines depict the paths of individual agents within a single episode; blue and green
dots mark each agent’s start and final positions, respectively, and red crosses (x) mark the
landmark (target) positions. Let x;(t) € R? denote agent i’s position at timestep ¢. A simple
geometric proxy for motion efficiency is the total path length over the evaluated rollout,

n T.—1

Le = ) ) |lxi(t+1) — xi (1)

i=1 t=0

y (12)
which decreases when agents move more directly, for a fixed task geometry and evaluation
horizon. Table 6 reports this metric for deterministic evaluation, including a normalized
ratio relative to the heuristic path length in the 20 x 20 training arena. The trajectory plots
are then used to illustrate path tortuosity, overshoot, and oscillatory motion patterns that
are not fully captured by the aggregate scalar metric.

https://doi.org/10.3390/robotics15070119


https://doi.org/10.3390/robotics15070119

Robotics 2026, 15, 119

24 of 37

Table 6. Mean total path length L, in deterministic evaluation. The heuristic controller is included as a
non-learning reference in the 20 x 20 training arena. The ratio L,/ Lyey, Normalizes the learned-policy
path length in the training arena by the corresponding heuristic path length. Learned-policy values
are also reported for the larger 25 x 25 arena.

n  Heuristic20 X 20 Learned 20 X 20 Lo/Lipeur Learned 25 X 25
4 27.3 124.0 454 2129
5 33.8 366.1 10.83 533.1
6 39.1 186.8 4.78 345.7

Figure 17 illustrates the qualitative shift in motion patterns for n = 4. The early
episode displays meandering behavior and wide excursions, while the final-phase episode
shows compact paths with smaller terminal excursions. This visual trend is consistent
with the lower late-phase Hungarian distances and reduced angular activity observed in
Figures 11 and 12, while Table 6 reports the corresponding aggregate path-length metric
for deterministic evaluation.

-4

=75 =5.0 =25 0.0 25 5.0 75

-4 -2 0 2 4 6

Early training (sample episode, n = 4)

Final phase (sample episode, n = 4)

Figure 17. Representative trajectories for n = 4. Each coloured polyline is one agent’s trajectory
(one colour per agent); a blue dot marks that agent’s start position and a green dot its final position,
and red crosses (x) mark the landmark (target) positions. Early training exhibits longer, more
circuitous paths with multiple turns and self-crossings, whereas the final phase shows more decisive,
shorter paths with visibly fewer heading reversals.

For n = 5 (Figure 18), the early episode shows prolonged looping and broad sweeps,
suggesting delayed assignment and frequent heading corrections. By the final phase, paths
become straighter with fewer crossings, aligning with the cumulative completion behavior
in Figure 7. The larger learned-policy path length and normalized path-length ratio for
n = 5 in Table 6 are consistent with the higher variability observed for this team size.

The n = 6 examples in Figure 19 show a pronounced visual improvement: early
trajectories contain dense knots and extended detours, while final-phase paths are cleaner
and more targeted. Across n € {4,5,6}, these qualitative patterns echo the quantitative
findings—lower assignment distance, reduced angular adjustments, faster completion,
and the raw and normalized path-length values reported in Table 6. The learned policy
therefore exhibits a more decisive approach pattern in the final phase, characterized by
earlier commitment to an assignment followed by motion with fewer corrective turns.
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Figure 18. Representative trajectories for n = 5. Early paths contain extended loops and wider

exploration, whereas late-phase paths are more direct and compact. Colours and symbols are as in
Figure 17.

Figure 19. Representative trajectories for n = 6.

Early training (sample episode, n = 6)
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Final phase (sample episode, 1 = 6)

The early episode exhibits clusters of small

oscillatory turns and long excursions; the final phase shows markedly cleaner, shorter routes with

limited overshoot. Colours and symbols are as in Figure 17.

3.10. Seed-Level Statistical Comparison

The preceding final-window summaries are based on independent training seeds

rather than treating episodes from a single run as independent samples. We therefore apply

statistical tests at the seed level. For reward-configuration comparisons, the tested samples

are the final-window full-team success rates obtained from the five independent seeds

for each configuration. We use Kruskal-Wallis tests as omnibus rank-based comparisons

across the full, no-assignment-shaping, and no-collision configurations for each team size,

followed by Mann-Whitney tests for pooled full-vs-ablation contrasts [81,82]. Because each

configuration contains only five seeds, these tests are interpreted as low-power seed-level
checks rather than as equivalence tests.

Table 7 summarizes the seed-level statistical comparisons. The Kruskal-Wallis tests do

not show significant differences among the three reward configurations for any evaluated

team size. However, the post hoc power estimates are low, so the non-significant results

should not be interpreted as evidence that the configurations are equivalent or that the

ablated components are unnecessary. The pooled Mann-Whitney tests likewise do not show

a significant final-window full-team success advantage of the full configuration over either

ablated configuration. These tests therefore concern fixed-budget final-window success,
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while the learning-speed effect of assignment-aware shaping is evaluated separately in
Section 3.6.

The estimated post hoc powers for the Kruskal-Wallis comparisons were 0.07, 0.09,
and 0.33 for n = 4, n = 5, and n = 6, respectively, confirming that the non-significant tests
should not be interpreted as equivalence.

Table 7. Seed-level statistical comparison of reward configurations. KW compares full, no-assignment-
shaping, and no-collision within each team size. MW compares the full configuration against each
ablation using pooled seed-level final-window full-team success rates.

Test Group Statistic p Effect
KW n=4 H =0.90 0.64 €2 =0.00
KW n=5 H =354 0.17 €2 =0.13
KW n=6 H =257 0.28 €2 =0.05
MW  Full vs. no-collision u=110 0.93 -
MW  Full vs. no-assignment U =1415 0.24 -

Here, KW denotes the Kruskal-Wallis test, and MW denotes the Mann—-Whitney test.

Figure 20 summarizes time-to-full-coverage behavior under deterministic evaluation
in the 20 x 20 training arena. A faster rise in the empirical completion curve means that
a larger fraction of episodes completes earlier. The n = 4 curve rises fastest, while the
n = 5 curve remains lower because fewer episodes reach full-team completion within the
horizon. Pairwise log-rank comparisons of the deterministic completion-time distributions
show significant differences among the evaluated team sizes: n =4 vs. n =5, XZ = 256.99,
p=78x10"%n=5vs. n=6,x*=9973,p =17x10"3;and n = 4 vs. n = 6,
X> =56.65,p =52 x 10714,

Empirical full-team completion-time CDF (deterministic eval, env20)
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Figure 20. Empirical full-team completion-time cumulative distribution under deterministic evalua-
tion in the 20 x 20 training arena. The curve value at timestep ¢ is the fraction of evaluation episodes
that have completed by that timestep; episodes without full-team completion remain below the final
cumulative level.

Overall, the seed-level tests do not support a claim that the full reward configuration
is statistically superior to the ablated configurations in final-window full-team success.
Because the five-seed tests have low power, this result is interpreted cautiously and is
not treated as evidence of equivalence among reward configurations. The final-window
results therefore support a limited interpretation: high success and coverage are observed
across the evaluated configurations, as summarized in Section 3.5, while the measured
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learning-speed advantage of assignment-aware shaping is clearest for n = 4, as reported in
Section 3.6.

3.11. Contextual Positioning Relative to Prior Work

We situate the evaluated task relative to the recent literature but do not use cross-paper
numbers as evidence of relative performance. Environments, horizons, collision models,
dynamics, and success definitions differ across studies; therefore, the references in this
section are used only for contextual positioning. Direct within-environment comparison
against MADDPG and MAPPO is provided in Section 3.13.

CRAMP evaluates grid-based multi-agent path finding on 80 x 80 maps with ob-
stacle density 0.1 and reports success rate and makespan under its own discrete MAPF
protocol [59]. This differs from the continuous-control, obstacle-free coverage task con-
sidered here, so CRAMP is used only to contextualize related evaluation metrics rather
than to support a direct performance comparison. No MAPF-based baseline is included in
the present experiments; hybrid MAPF-reinforcement-learning comparisons are left for
future work.

MASP evaluates cooperative navigation in the Multi-Agent Particle Environment
and reports success and collision-rate metrics under that benchmark’s dynamics, horizon,
and collision accounting [78]. Although Section 3.3 now reports a direct collision-step rate
for the present task, its definition, dynamics, and evaluation protocol differ from MASP;
therefore, MASP is likewise retained only as contextual background.

Accordingly, no superiority claim is drawn from the CRAMP or MASP references.
The quantitative same-environment comparisons are reported in Section 3.13, while the
multi-seed final-window performance of the proposed method is reported in Section 3.5.
Evaluation on standard MARL benchmarks such as MPE-, VMAS-, or SMAC-style tasks,
and direct hybrid MAPF-RL benchmarking, is outside the scope of the present cover-
age study.

3.12. Reward Ablation and Collision-Parameter Sensitivity

The ablation study uses the same five-seed protocol as the main final-window evalua-
tion. In addition to the no-assignment-shaping variant, which removes the progressive and
assigned-distance shaping terms, we also evaluate a no-collision variant, which removes the
collision-penalty terms. The reward-component definitions and weights for these configura-
tions are given in Table 1. The reward weights were selected empirically during preliminary
tuning and then kept fixed across the reported team sizes and seeds. The analysis below
therefore provides a limited empirical sensitivity check through reward-mode ablations
and the collision-kernel sweep, rather than a full grid search over all reward weights.

The final-window ablation results are reported in Table 4 and visualized in Figure 13.
Across the evaluated team sizes, both ablated variants remain viable in the final training
window. In particular, the no-assignment-shaping variant no longer shows a consistent
collapse at n = 6 under the five-seed evaluation, reaching 89.6 £ 7.6% final-window
success. The no-collision variant reaches 86.4 & 21.8%, 96.5 + 3.0%, and 96.6 + 1.2% success
for n = 4,5, 6, respectively.

The seed-level statistical comparison in Section 3.10 does not show a significant
final-window advantage of the full reward configuration over either ablated configura-
tion. Accordingly, assignment-aware and collision-aware shaping are not interpreted as
statistically necessary for fixed-budget final-window full-team success in the evaluated
obstacle-free setting. This is particularly important for the no-collision variant, which
matches or exceeds the full configuration in final-window success for n = 5 and n = 6.
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The main measured effect of assignment-aware shaping is instead the faster emergence of
high rolling success reported in Section 3.6, with the clearest seed-level support at n = 4.

We further examine the collision-kernel sharpness parameter ¢, which is fixed to
¢ = 7 in the reported experiments. This parameter controls how rapidly the exponential
collision penalty decreases with distance. It is treated as an empirical hyperparameter
rather than a value derived from first principles. The direct collision-step rates reported in
Section 3.3 should therefore be interpreted as simulation-level diagnostics, not as formal
safety guarantees.

Figure 21 shows that the converged score is nearly unchanged around the selected
value for n = 4 and n = 5. For n = 6, the larger value ¢ = 15 produces a lower and more
variable score, so it is not used as the default setting. Overall, the sweep supportsc = 7 as a
stable empirical choice for the tested configurations, without implying that it is theoretically
optimal. A broader sensitivity study over all reward weights remains outside the scope of
the present revision.

Collision-coefficient sensitivity (c=7 used)
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Figure 21. Sensitivity of the converged score to the collision-kernel sharpness parameter c. The re-
ported experiments use ¢ = 7. This sweep is a local empirical sensitivity check for the collision kernel,
not a full search over all reward weights.

3.13. Within-Environment Baselines

To address the absence of direct within-environment baselines, we compared the
proposed full reward configuration with two MARL baselines under the same cooperative
coverage setting: MADDPG [31] and MAPPO [36]. The comparison uses the same team
sizes, environment size, training horizon, and final-window definition as Section 3.5. Table 8
reports final-window full-team success, while Figure 22 visualizes the corresponding seed-
level success rates.

Table 8. Within-environment baseline comparison for final-window full-team success. Metrics are
computed over the final training window and reported as mean =+ standard deviation across five
independent seeds for each method.

n Proposed SR (%) MADDPG SR (%) MAPPO SR (%)
4 98.2+29 8.9 +10.9 37.0+39.1
5 85.1+18.0 0.0£0.0 16.0 £12.0
6 96.3+2.0 64+7.8 20.2 +20.8

As shown in Table 8 and Figure 22, the proposed shared actor—critic configuration
achieves higher final-window full-team success than both MADDPG and MAPPO in the
tested setting. With five seeds per method, one-sided Mann-Whitney tests comparing
the proposed method against MAPPO give p = 0.010, 0.004, and 0.006 for n = 4,5,6,
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respectively, with rank-biserial effects of 0.92, 1.00, and 1.00. The corresponding tests
against MADDPG give p = 0.005, 0.004, and 0.006, with rank-biserial effect 1.00 for all
three team sizes. MAPPO improves over MADDPG for full-team success at all evaluated
team sizes, but remains below the proposed method under the matched training horizon
and final-window evaluation protocol.
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Within-environment baselines (raw seeds overlaid)
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MADDPG
s MAPPO

"

Figure 22. Within-environment baseline comparison between the proposed full configuration, MAD-
DPG, and MAPPO. Bars show mean final-window full-team success over five independent seeds;
error bars denote standard deviation across seeds; overlaid points show individual seed-level suc-
cess rates.

final-window full-team success rate (%)

For additional context, and separately from the peer-baseline comparison in Figure 22,
we also evaluated a centralized Hungarian-assignment proportional controller as an oracle
upper bound. This controller receives global assignment information and full-state access
at each step, so it is not treated as a fair decentralized peer baseline. In the obstacle-free
training arena, the oracle reached 100% success and 100% coverage for n = 4-6 with mean
completion around 10 steps.

3.14. Environment-Size Transfer and Computational Cost

To evaluate transfer across arena sizes, policies trained in the 20 x 20 arena were evalu-
ated without retraining using deterministic rollouts in arenas of size 15 x 15, 18 x 18,
20 x 20, 25 x 25, and 30 x 30. This sweep covers smaller arenas, the training arena,
and larger arenas up to a 50% increase in linear arena size. Table 9 reports full-team
success across the arena-size sweep, while Figure 23 summarizes both full-team success
and partial landmark coverage.

Table 9. Environment-size transfer for policies trained in the 20 x 20 arena and evaluated without
retraining. Values report deterministic full-team success rate as mean + standard deviation across
five seeds.

n env15 SR (%) env18 SR (%) env20 SR (%) env25 SR (%) env30 SR (%)
4 984+1.0 949 +55 92.8 +6.0 84.1+11.8 70.7+£9.3
5 83.5+27.5 75.3£33.9 699 1+32.4 55.7 +27.9 4124225
6 94.0 £ 3.6 91.1+6.1 89.9 +6.9 71.4+85 482 +9.7

As shown in Table 9 and Figure 23, full-team success decreases as the arena becomes
larger than the training arena. The degradation is gradual rather than abrupt over the
tested range, but it is more pronounced for n = 5 and n = 6 at 30 x 30. Coverage remains
higher than full-team success across the sweep, indicating that the learned policies often
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reach most landmarks even when full-team completion is not achieved within the horizon.
These results provide a deterministic arena-size transfer check over the tested range only
and should not be interpreted as broad environment generalization.

Success rate vs arena size Coverage vs arena size

100 Q:: 100 .*'—’\0\‘
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Figure 23. Deterministic environment-size transfer evaluation for policies trained in the 20 x 20 arena.
Curves show full-team success rate and landmark coverage across arena sizes without retraining.

Table 10 summarizes the computational cost of the proposed-method training sweep.

Table 10. Computational cost, model size, and reproducibility summary for the proposed-method
training sweep.

Item Value

NVIDIA RTX 4050 Laptop GPU (NVIDIA

GPU Corporation, Santa Clara, CA, USA), 6 GB

Software Python 3.12.3; CUDA 12.0; NVIDIA driver
610.43.02

Proposed-method training sweep 45 runs

Independent seeds 5

Episodes per run 1000

Mean training time 4.9 GPU-h/run

Total training compute ~ 221 GPU-h

Peak GPU memory < 0.074 GB/run

Actor parameters 73,986 (n = 4); 76,034 (n = 5); 78,082 (n = 6)

Critic parameters 20,737 (n = 4); 21,761 (n = 5); 22,785 (n = 6)

Hungarian assignment cost O(n®) per environment step

The Hungarian assignment is inexpensive for the evaluated team sizes n < 6, but its
O(n®) per-step cost may become non-negligible for substantially larger teams.

4. Discussion

The results show that the proposed shared actor—critic framework can solve cooper-
ative coverage tasks with small homogeneous teams in the evaluated obstacle-free simu-
lation. In the five-seed final-window evaluation, the full reward configuration achieved
full-team success rates of 98.2 +2.9%, 85.1 & 18.0%, and 96.3 & 2.0% for n = 4,5, 6, respec-
tively, with mean coverage above 96% in all three cases. These results show both high
average performance and non-negligible seed sensitivity, particularly for full-team success.
The reward ablations also require a cautious interpretation: the no-assignment-shaping
and no-collision variants remained viable, and the seed-level tests in Section 3.10 did not
show a statistically significant final-window advantage of the full reward configuration
over the ablated configurations. The main measured effect of assignment-aware shaping is
instead sample efficiency: as reported in Section 3.6, the full configuration reached the 80%
rolling-success threshold earlier in median terms, with the clearest seed-level statistical
support at n = 4.
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A central observation is that training leads to qualitatively distinct coordination
strategies in the evaluated setting. Early-phase trajectories were characterized by oscillatory
motion, frequent heading reversals, and extended exploration, which corresponded to large
penalties in time, heading misalignment, and collisions. By contrast, late-phase trajectories
revealed decisive motion patterns in which agents rapidly committed to assignments and
advanced directly to their designated landmarks with limited corrective turning. This
behavioral transition was quantitatively corroborated by lower late-phase Hungarian
distances, the emergence of burst—settle velocity profiles, and the reduction of collision-
penalty magnitude during training. These trends indicate that the shared actor—critic
architecture can learn policies that reduce unnecessary motion patterns and improve task
completion in the tested setting. The path-length values in Section 3.9 provide additional
quantitative context for the trajectory examples, while the absence of external static obstacles
and hardware trials means that the findings should be interpreted as collision-aware
behavior in simulation rather than as deployment-level safety evidence.

The statistical analysis is based on independent training seeds rather than treating
episodes from a single training trajectory as independent samples. Seed-level Kruskal—-
Wallis tests did not show significant differences among the full, no-assignment-shaping,
and no-collision configurations for any evaluated team size, and pooled Mann—-Whitney
tests did not show a significant advantage of the full configuration over either ablation.
Because the five-seed tests have low power, these non-significant results are not interpreted
as evidence of equivalence or as evidence that the ablated components are unnecessary.
This result limits the final-window ablation claim: the proposed reward design is useful
as a shaping mechanism, but the present evidence does not establish that every shaping
component is necessary for fixed-budget final-window full-team success. Completion-
time behavior is reported using deterministic empirical completion-time curves in the
20 x 20 training arena, while arena-size transfer is analyzed separately in Section 3.14.

The reward-weight choices should also be interpreted as empirical design choices.
The weights in Table 1 were selected during preliminary tuning and then kept fixed across
the reported team sizes and seeds. The collision-kernel sharpness parameter ¢ = 7 was
likewise treated as a fixed hyperparameter. The sensitivity analysis in Section 3.12 shows
that the converged score is nearly unchanged around this value for n = 4 and n = 5, while
the n = 6,c = 15 setting is less stable. Thus, the reported value is supported as a stable
empirical setting for these experiments, but it is not claimed to be theoretically optimal,
and the reported sweep should not be interpreted as a full reward-weight sensitivity study.

The team-size results should be interpreted only over the evaluated range n € {4,5,6}.
The experiments do not establish swarm-scale scalability, because larger teams such as
n = 8 or n = 10 were not evaluated. Within the tested range, the shared-parameter
design supports a common policy and value-function parameterization for homogeneous
agents and allows experience to be pooled across agents. The implementation uses a single
shared critic applied to local observation—action pairs; it is therefore not a centralized CTDE
critic and does not explicitly estimate joint state-action values or solve multi-agent credit
assignment. The Hungarian assignment calculation is also recomputed at each environment
step and has O(n3) complexity. This cost is small for n < 6, but it may become relevant for
substantially larger teams. Therefore, the present evidence supports performance over the
tested small-team setting, while larger-team scaling remains future work.

The lower mean success at n = 5 is primarily explained by seed-level variability rather
than by a consistent degradation across all n = 5 runs. The per-seed diagnostic in Section 3.8
shows that one low-success seed dominates the lower aggregate mean, while all formal
summaries retain all five seeds. This pattern suggests a seed-sensitive orbiting or stalling
failure mode rather than a demonstrated structural odd-team-size limitation. The training-
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pipeline ablation in Section 3.7 is consistent with this interpretation, because removing
restart handling produced seed-specific collapses rather than uniform degradation across
all seeds.

The contextual comparisons with CRAMP and MASP are retained only to position
the task relative to related grid-based and particle-based benchmarks. They should not be
read as head-to-head evidence because the environments, dynamics, horizons, observation
models, and success definitions differ. The direct baseline evidence in this study is the
within-environment comparison with MADDPG and MAPPO reported in Section 3.13.
Under the tested protocol, MADDPG and MAPPO achieved substantially lower full-team
success than the proposed shared actor—critic configuration. MAPPO improved over
MADDPG but remained below the proposed method for all evaluated team sizes. These
comparisons remain limited to the same simplified obstacle-free coverage environment.

The qualitative analyses provide diagnostic evidence about the learned behavior.
Agents tend to exhibit rapid commitment to assignments followed by more stable ap-
proach trajectories, which is consistent with the reduction in distance-to-assignment and
collision-penalty activity observed during training. The reported path-length metric gives
a compact numerical complement to these trajectory plots. However, these qualitative
results are examples from simulation and do not establish behavior in cluttered, dynamic,
physical, or aerial-robot settings. Extending the framework to external obstacles, richer
sensing, 3D motion, and hardware validation remains necessary before making deployment-
level claims.

Taken together, the results support a narrow empirical claim: the proposed inte-
grated training pipeline is effective for the evaluated obstacle-free small-team coverage
tasks, but its generalization beyond this setting remains untested. The conclusions should
therefore be limited to the evaluated simulation protocol, with broader validation left for
future work.

5. Conclusions

This paper presented a shared actor—critic reinforcement learning framework for
decentralized coordination in small homogeneous multi-robot coverage tasks. The method
combines local observations, continuous differential-drive control, shared policy/value
parameters, and assignment-aware reward shaping within an obstacle-free simulated
coverage environment.

Across the evaluated team sizes n € {4,5, 6}, the full reward configuration produced
high final-window full-team success and consistently high landmark coverage. Then =5
setting was the least stable case, with the lower mean primarily reflecting seed-level
variability rather than uniformly poor performance across all runs. These results support
the effectiveness of the proposed method in the tested small-team setting, while keeping
the conclusion limited to the evaluated range.

The ablation results show that the shaping terms should be interpreted cautiously.
The ablated configurations remained viable in final-window evaluation, and the seed-level
tests did not establish a significant final-window advantage of the full reward configuration.
The clearest measured contribution of assignment-aware shaping was instead in learning
speed, where the full configuration reached the 80% rolling-success threshold earlier in
median terms, with the strongest seed-level support at n = 4. The HER /restart ablation
further indicates that the reported performance reflects an integrated training pipeline
rather than a reward-only effect.

Within-environment comparisons showed that the proposed configuration outper-
formed MADDPG and MAPPO under the matched training budget and final-window
protocol. Deterministic arena-size transfer over 15 x 15 to 30 x 30 arenas showed decreasing
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full-team success as arena size increased, while partial coverage remained higher than strict
full-team completion. These findings indicate useful transfer over the tested range, but not
broad environment generalization.

The scope of these conclusions remains specific to obstacle-free simulation, small team
sizes, and abstract differential-drive dynamics. The results should not be interpreted as
demonstrating formal convergence, deployment-level safety, platform-agnostic operation,
or swarm-scale scalability. Future work should extend the evaluation to larger teams,
obstacle-rich environments, broader MARL and MAPF-related baselines, UAV-specific
dynamics, and hardware or high-fidelity robotic validation.
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The following abbreviations are used in this manuscript:

Al Artificial Intelligence

COMA Counterfactual Multi-Agent Policy Gradients

CR Collision Rate

CRAMP Communication-Reduced Attention-based Multi-Agent Pathfinding
CTDE Centralized Training with Decentralized Execution
DDPG Deep Deterministic Policy Gradient

DRL Deep Reinforcement Learning

HER Hindsight Experience Replay

IPPO Independent Proximal Policy Optimization
MADDPG  Multi-Agent Deep Deterministic Policy Gradient
MAPF Multi-Agent Path Finding

MAPPO Multi-Agent Proximal Policy Optimization

MARL Multi-Agent Reinforcement Learning

MASP Multi-Agent Spatial Planning
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MDP Markov Decision Process

MPE Multi-Agent Particle Environment

MRTA Multi-Robot Task Allocation

PPO Proximal Policy Optimization

QMIX Monotonic Value Factorization for Deep Multi-Agent Reinforcement Learning
RL Reinforcement Learning

SAC Soft Actor—Critic

SMAC StarCraft Multi-Agent Challenge

SR Success Rate

TD3 Twin Delayed Deep Deterministic Policy Gradient
UAV Unmanned Aerial Vehicle

VDN Value Decomposition Networks

VMAS Vectorized Multi-Agent Simulator
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