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 Multi-robot systems operating in diverse environments require 

coordination strategies that balance efficiency and safety.  This paper 

presents an adaptive framework combining heuristic planning and 

learning-based control to achieve that balance. The proposed system 

dynamically switches between a classical heuristic controller and a Q-

learning-based policy according to real-time obstacle density, enabling 

context-aware adaptation to varying environmental complexity. The 

framework was evaluated in three representative scenarios of increasing 

difficulty, including a single robot with one task in an obstacle-free 

environment, a moderate case with three robots and five tasks among 

eight obstacles, and a complex case with five robots managing eight tasks 

amid fifteen obstacles. Performance was analyzed using several metrics 

such as task completion time, near-miss frequency, operational efficiency, 

and energy consumption. Results show that while the baseline policy 

performs best in sparse environments, the reinforcement-learning policy 

achieves faster completion in dense ones, though this comes at the cost of 

an increased frequency of near-misses due to its efficiency-driven 

behavior. The adaptive method effectively reconciles this trade-off, 

reducing near-misses by 25–40 % while maintaining competitive 

completion times and minimal energy usage. These findings demonstrate 

that adaptive policy selection provides robust, context-sensitive 

coordination across heterogeneous environments and can support missions 

in logistics, exploration, and disaster-response robotics, autonomously 

optimizing safety and performance according to real-time conditions. 
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1. Introduction  

Multi-robot systems (MRS) have become a fundamental component of modern automation, 

enabling teams of autonomous robots to perform tasks that are difficult, inefficient, or impossible for 

a single robot to accomplish [1]-[3]. These systems have been successfully applied in domains such 

as warehouse logistics, search and rescue, precision agriculture, and environmental monitoring. 

Their effectiveness depends on how well multiple robots coordinate task allocation, motion 

planning, and collision avoidance in diverse and dynamic environments. Achieving both efficiency 

and safety in such coordination remains a central challenge in robotics research. Classical methods 

for multi-robot coordination, such as graph-based algorithms, the Hungarian method, market-driven 

auctions, and A*-based path planning [4]-[9], provide predictable and verifiable performance. They 

guarantee convergence and are computationally efficient under static or low-density conditions. 

However, these deterministic systems typically rely on precomputed or centralized information and 

lack the flexibility to adapt in real time to changing environments, uncertain dynamics, or 

unforeseen obstacles. As a result, their performance often degrades when deployed in complex, 

high-density, or partially known environments. 

Reinforcement learning (RL) and other learning-based approaches have emerged as promising 

alternatives that enable robots to learn adaptive behaviors from experience [10]-[14]. These methods 

allow policies to evolve through interaction with the environment, improving responsiveness and 

efficiency in dynamic scenarios. Yet, purely learning-based systems can exhibit instability, 

inefficiency, or unsafe maneuvers when operating under exploration pressure or environmental 

uncertainty [15]-[18]. In dense or cluttered settings, learned controllers sometimes favor time- or 

path-efficiency at the expense of safety, resulting in increased near-miss incidents or collisions. This 

trade-off defines what we refer to as the environment-dependent performance paradox [19]-[21], a 

single control policy cannot perform optimally across all environmental conditions. Classical 

controllers achieve high safety but poor efficiency in complex settings, while learning-based 

controllers achieve high efficiency but reduced safety in dense or dynamic environments. The 

central challenge is therefore not finding one “best” controller, but determining when and how to use 

each method to maximize system performance. 

To address this challenge, we propose an adaptive policy-switching framework that 

dynamically alternates between a deterministic baseline controller and a Q-learning-based 

reinforcement learning policy according to environmental complexity [22]-[24]. The switching 

mechanism relies on a lightweight obstacle-density heuristic that allows the system to detect 

environmental variations and adapt in real time. This hybrid design preserves the reliability of 

classical control in simple conditions and the adaptability of learning-based strategies in complex 

ones, achieving a balanced trade-off between safety and efficiency. A critical analysis of the 

literature reveals a common limitation in existing hybrid approaches: they typically fuse classical 

and learning elements into a single, static policy. These designs lack a high-level mechanism for 

real-time arbitration between fundamentally different coordination strategies. This is the key gap our 

work addresses. We propose that robust multi-robot coordination requires not a single optimal 

policy, but an optimal policy-selection strategy [25]-[28]. To this end, our novel context-aware 

meta-policy dynamically switches between a verifiable classical controller and a learning-based 

policy based on real-time environmental assessment. This architecture allows the system to actively 

navigate the efficiency-safety trade-off, leveraging the strengths of each paradigm where they are 

most effective. The contributions of this work are threefold and represent significant advancements 

in the field of multi-robot coordination: 

• Comprehensive empirical validation of the environment-dependent performance characteristics 

of classical versus learning-based approaches in MRS coordination, offering new insights into 

their respective strengths and limitations. 

• A novel, lightweight, untrained policy-selection mechanism that operates in real time, using 

obstacle density as context for switching between controllers, making it suitable for resource-

constrained deployments. 
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• Demonstrated evidence that context-aware adaptation enables superior robustness, achieving a 

more favorable balance of efficiency, safety, and energy consumption than any single-policy 

approach. 

The research contribution is an adaptive meta-policy framework that enables real-time 

switching between classical and learning-based coordination strategies based on obstacle density, 

achieving a balanced trade-off between efficiency, safety, and energy use. Conceptual architecture 

of the adaptive multi-robot framework shown in Fig. 1. 

 

Fig. 1. Conceptual architecture of the adaptive multi-robot framework 

This paper is structured to provide a comprehensive examination of these contributions while 

positioning our work within the broader research landscape. Section 2 reviews relevant literature in 

multi-robot coordination and reinforcement learning, examining both classical approaches and 

recent learning-based methods, and identifying key research gaps that our work addresses. Section 3 

details our methodological framework, including environment design, policy implementations, 

adaptation mechanisms, and evaluation metrics, providing sufficient detail for reproducibility and 

further research. Section 4 presents a comprehensive analysis of performance across environmental 

complexities, including statistical validation and comparative evaluation of policy approaches. 

Section 5 concludes by synthesizing the framework's ability to balance efficiency and safety through 

adaptive policy selection, discusses implications for robust multi-robot system deploymentand 

proposes future research extending this adaptive paradigm. 

2. Literature Review 

Research on multi-robot systems (MRS) has developed considerably over the past two decades, 

driven by advances in sensing, computation, and distributed intelligence. The goal of these systems 

is to enable teams of autonomous robots to accomplish shared tasks cooperatively and efficiently, 

even in dynamic and uncertain environments. Achieving this objective requires coordination 

strategies that balance safety, efficiency, scalability, and adaptability. The existing literature on 

MRS coordination can be broadly categorized into classical optimization-based approaches, 

learning-based approaches, and hybrid or context-aware frameworks that attempt to combine the 

strengths of both. 

Classical multi-robot task allocation (MRTA) methods provide the conceptual foundation for 

cooperative decision-making. These approaches rely on explicit optimization models to assign 

robots to tasks or paths based on predefined cost functions. Techniques such as the Hungarian 

algorithm, the Contract Net Protocol, and auction-based allocation [29]-[35] are among the most 

influential, offering computational efficiency and deterministic convergence. They perform well in 

structured and fully observable environments, where global knowledge and centralized coordination 

can be assumed. Similarly, path-planning methods including A*, D* Lite, and rapidly exploring 

random trees have been used extensively to generate collision-free trajectories and minimize travel 

cost [36]-[39]. At the local level, potential-field and velocity-obstacle formulations have been 

employed to manage real-time avoidance of other robots or obstacles. While these methods are 

computationally efficient and mathematically tractable, their performance deteriorates in the 

presence of environmental uncertainty, communication delays, or dynamic obstacles. The 

deterministic nature of classical algorithms constrains their ability to adapt to real-time changes, 

making them less suitable for unstructured or large-scale domains. 
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Learning-based coordination strategies have emerged to overcome these limitations by 

endowing robots with the ability to learn adaptive behaviors through experience. Reinforcement 

learning (RL) and its deep learning variants (DRL) have enabled robots to optimize policies for 

navigation, task allocation, and cooperative behavior through reward-driven interaction with the 

environment [40]-[45]. In RL, agents learn to maximize cumulative rewards by selecting actions that 

lead to long-term performance gains, which removes the need for an explicit analytical model of the 

system. The introduction of deep Q-Networks, actor–critic architectures, and policy-gradient 

algorithms has significantly improved scalability and generalization to complex, continuous, and 

high-dimensional environments [46]-[47].  

These methods have shown strong results in multi-robot navigation, cooperative transport, 

formation control, and dynamic task assignment. However, RL-based systems face several 

challenges when deployed in real-world conditions. They require large quantities of training data, 

long convergence times, and often extensive computational resources. Moreover, due to the 

exploratory nature of RL, agents can exhibit unsafe or unpredictable actions when exposed to novel 

or unseen environments. In dense or cluttered scenarios, a learned policy may favor path efficiency 

or speed at the expense of safety, leading to increased near-miss events or collisions. Limited 

onboard computation and communication bandwidth further restrict the feasibility of deploying fully 

learning-based systems in real time. 

Building on these advances, recent studies have integrated optimization techniques, deep 

reinforcement learning, and redistribution strategies to enhance MRTA scalability, coordination 

efficiency, and adaptability across diverse environments [48]-[51]. These frameworks attempt to 

combine the structured stability of classical optimization with the adaptability of learning-based 

approaches, enabling more flexible coordination under environmental uncertainty. Examples include 

optimization-guided learning architectures, capsule-network-based task allocation, soft actor–critic 

navigation, and robot redistribution models for large-scale coordination. These studies demonstrate 

notable improvements in multi-robot scalability and robustness under complex conditions. However, 

their reliance on centralized architectures, offline training, or fixed blending rules limits adaptability 

when encountering new or evolving environmental contexts. The inability of these frameworks to 

autonomously switch control strategies in real time constrains their generalization and 

responsiveness. 

A critical analysis of existing hybrid and context-aware systems reveals that most approaches 

fuse classical and learning-based controllers into a single static framework. While this fusion allows 

partial integration of deterministic safety and learning-based adaptability, it also imposes rigidity, 

preventing the system from dynamically prioritizing the most suitable coordination strategy. Once 

integrated, such systems operate under fixed weighting or blending parameters, lacking an 

arbitration mechanism that can assess environmental complexity and adjust policy dominance 

accordingly. As a result, hybrid systems remain context-dependent: in sparse environments, 

learning-based components may overact, wasting computation and energy, while in dense or 

uncertain environments, deterministic rules may over-constrain movement, reducing responsiveness 

and efficiency. This inability to adaptively navigate the safety–efficiency trade-off represents one of 

the key shortcomings of prior hybrid frameworks. 

The present study addresses this gap by introducing an adaptive policy-switching framework 

that incorporates a lightweight meta-policy for real-time controller selection. Unlike conventional 

hybrid designs that permanently blend controllers, the proposed system evaluates environmental 

conditions using an obstacle-density measure and dynamically selects the most appropriate policy at 

runtime. When the environment is simple and sparsely populated, the framework favors the 

deterministic baseline controller, maintaining stability and safety. When the environment becomes 

dense or complex, the meta-policy activates the reinforcement-learning controller, allowing the 

robots to exploit learned adaptability and efficiency. This dynamic switching mechanism ensures 

that the coordination strategy is always matched to environmental demands. It combines the proven 

safety of classical methods with the learning flexibility of RL, enabling robust, scalable, and 

context-aware performance across heterogeneous multi-robot environments. 
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3. The Proposed Methodology 

This section details the modeling, control, and learning components of the proposed adaptive 

multi-robot framework. To improve clarity, complete mathematical derivations such as the full 

kinematic model and formal task-assignment equations are presented in Appendix A, while the main 

text summarizes conceptual flow and algorithmic design. 

This section describes the proposed adaptive multi-robot coordination framework. It integrates 

classical task allocation, A* path planning, and reinforcement-learning-based control under a unified 

meta-policy. The structure follows a logical sequence from system modeling, task formulation, and 

policy definition to adaptive decision-making and evaluation, clarifying how each component 

contributes to overall system performance. The methodology follows a structured workflow that 

integrates modeling, policy development, adaptive switching, and evaluation. Each stage contributes 

to testing the core hypothesis that context-aware adaptation improves coordination robustness 

compared to single-policy methods. The detailed workflow is summarized in Fig. 2, Fig. 3 provides 

an overview of the system workflow, from robot modeling and environment formalization through 

policy execution and performance evaluation. 

 

Fig. 2. Adaptive multi-robot coordination methodology flowchart 

3.1. Multi-Robot System  

The system in this work comprises a homogeneous fleet of N differential-drive mobile robots 

within a shared workspace. The robot collective is formally defined as: 

 ℛ = {𝑟1, … , 𝑟𝑁} (1) 
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3.1.1. Kinematics 

Each robot 𝑟𝑖 possesses a continuous state (at time 𝑡) representation capturing both positional 

and orientational information, as presented in Fig. 3: 

 𝑝𝑖(𝑡) = [𝑥𝑖(𝑡),  𝑦𝑖(𝑡),  𝜃𝑖(𝑡)]⊤ ∈ ℝ2 × 𝕊1 (2) 

Each robot follows unicycle kinematics; complete continuous and discrete derivations are given 

in Appendix A §A.1. Kinematic model of a unicycle mobile robot shown in Fig. 4. 

 

Fig. 3. Workflow of the proposed adaptive multi-robot framework 
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Fig. 4. Kinematic model of a unicycle mobile robot 

3.1.2. Geometry and Safety 

The simulated robots are modeled as discs of radius 𝑟. Obstacles are inflated by 𝑟 so that point-

robot planning on the inflated map guarantees clearance (for provable collision avoidance). A near-

miss occurs whenever the inter-robot distance falls below a safety margin 𝑑min > 2𝑟; a collision is 

 < 2𝑟.(as presented on Fig. 5). 

 

Fig. 5. Multi-robot interaction and collision avoidance with static obstacles 

This geometric formulation ensures provable clearance within the workspace; full motion-

update derivations appear in Appendix A §A.1. 

ix  
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3.1.3. Sensing and Localization 

Each robot in the simulation is equipped with:  

• Proximity sensing (e.g., ultrasonic or range) providing distances to the nearest obstacles in a 

limited field of view; we denote a minimal triad. 

 𝐷𝑖(𝑡) = {𝑑𝑖
front

,  𝑑𝑖
left

,  𝑑𝑖
right

} (3) 

Which is used to compute a local obstacle density surrogate 𝜌𝑖(𝑡) ; 

• Odometry (wheel encoders) providing a pose estimate on a known map. 

We define two context measures: a local density 𝜌𝑖(𝑡) computed from proximity (e.g., fraction 

of saturated rays or a decreasing function of 𝑑𝑖
⋅), and a global density estimated from the inflated 

map 𝒪: 

 
𝜌env =

|𝒪|

𝑁 + 𝑀
 (4) 

where |𝒪| is the number of inflated obstacles, 𝑁 is the number of robots, and 𝑀 is the number of 

tasks. These signals trigger the meta-policy that switches between the classical and Q-learning 

controllers. 

3.2. Task and Environment Formalization 

This subsection provides a formal mathematical description of the operational environment, 

the task structure, mission objectives of the multi-robot problem. The environment is abstracted as 

a graph to facilitate path planning and collision checking, while tasks are defined as atomic goals 

that must be achieved by the robot team. The overarching mission objective is framed as a multi-

criteria optimization problem, balancing efficiency, safety, and energy consumption. This graph-

based representation provides a computationally efficient foundation for applying search-based 

path planning algorithms like A*. 

3.2.1. Environment Graph 

The workspace is a connected grid/graph 𝐺 = (𝑉, 𝐸) with 8-neighborhood connectivity. 

Vertices 𝑉 represent free cells or waypoints, edges 𝐸 represent traversable adjacencies. Let 𝒪 ⊂ 𝑉 

be the (inflated) obstacle set; free cells are: 

 𝑉free = 𝑉\𝒪 (5) 

The grid resolution is carefully selected to balance computational efficiency with motion 

smoothness requirements, typically set to match the robot diameter to ensure path existence 

guarantees. 

3.2.2. Tasks 

The mission objective involves coordinated completion of M distinct tasks distributed 

throughout the environment: 

 𝒯 = {𝜏1, … , 𝜏𝑀}, 𝜏𝑗 ↔ 𝑔𝑗 ∈ 𝑉free (6) 

where 𝑔𝑗 is the goal cell. Task 𝜏𝑗 is completed when some robot 𝑖 satisfies. 

 ∥ 𝑝𝑖(𝑡) − 𝑔𝑗 ∥≤ 𝑑goal (7) 

where 𝑑goal represents the goal proximity threshold, typically set to accommodate positioning 

uncertainties and physical dimensions. Robots may execute multiple tasks sequentially. 

The full mathematical definition of the dynamic assignment and its constraints is presented in 

Appendix A §A.2. The discussion below focuses on how these task metrics interact with the 
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adaptive meta-policy. 

3.3. Policy Architecture 

The system implements two modular control stacks that share the same task and map 

interface. 

3.3.1. Classical Baseline Policy 𝝅𝑪 

The classical policy embodies a deterministic approach to multi-robot coordination, 

prioritizing verifiable safety and computational efficiency: 

• Task allocation (greedy + uniqueness), Nearest-task assignment using Euclidean distance 

minimization (When robot 𝑖 becomes idle, we assign the nearest unfinished task): 

 𝐴𝑡
greedy

(𝑖) ∈ 𝑎𝑟𝑔 𝑚𝑖𝑛
𝑗∈𝒯open

 ∥ 𝑝𝑖(𝑡) − 𝑔𝑗 ∥ (8) 

To avoid duplicate assignments, ties are resolved with a min-cost bipartite matching 

(Hungarian) over the robot–task distance matrix for the current idle set (with a greedy unique 

fallback if the solver is unavailable). 

• Global path planning: For a pair (𝑖 → 𝑗), we compute a shortest 8-connected path Π𝑖𝑗 ⊂ 𝑉free 

using A* with an octile/diagonal heuristic. The robot follows Π𝑖𝑗 by executing one motion 

primitive per cycle. 

• Local obstacle/peer avoidance: If the next step would reduce the distance to any neighbor 

below 𝑑min, the robot selects the next best waypoint on Π𝑖𝑗 that increases separation; failing 

that, executes a deterministic wall-following sidestep driven by 𝐷𝑖(𝑡) to increase the minimum 

inter-robot distance while staying in free space.  

This policy is computationally light and reliably safe in sparse scenes, but it can become 

conservative or myopic in dense, dynamic situations. 

3.3.2. Q-Learning Policy 𝝅𝑸𝑳 

The Q-learning policy employs reinforcement learning to develop context-sensitive navigation 

behaviors through experiential learning: 

• State space 

For robot 𝑖 navigating toward 𝑔, we use a compact feature vector capturing local context and 

goal geometry: 

 𝑠𝑖(𝑡) = [𝑑𝑖
front

,  𝑑𝑖
left

,  𝑑𝑖
right

,  𝜙𝑖(𝑡),  𝜓𝑖(𝑡),  𝑣𝑖(𝑡),  𝜔𝑖(𝑡)] (9) 

where 𝜙𝑖 is the bearing to the goal and 𝜓𝑖 is the bearing to the nearest obstacle (both wrapped to 

[−𝜋, 𝜋)). In our discrete implementation, these are quantized into bins (goal distance and bearing; 

binary obstacle flags in cardinal directions) to enable tabular learning with a small state space. 

• Action space 

A discrete set of motion primitives, 

 𝒜 = {(𝑣high, 0),  (𝑣low, 0),  (0, 𝜔L),  (0, 𝜔R),  (𝑣low, 𝜔L),  (𝑣low, 𝜔R)}, (10) 

Allowing forward motion, in-place turns, and gentle arcs. In the grid-world simulator we 

instantiate 𝒜 as 8 compass moves (constant step, fixed headings), which makes the RL controller 

comparable to A*. 

• Reward Function Engineering 

The reward function carefully balances multiple objectives (at each step, the reward balances 
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progress, time, and safety):  

 𝑅 = 𝛽𝑝 𝛥 𝑑𝑖  −  𝑐𝑡  − 𝑐{𝑚𝑖𝑠𝑠}𝕀𝑛𝑒𝑎𝑟 −  𝑐{𝑜𝑐𝑐}𝕀𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒  + 𝑅{𝑔𝑜𝑎𝑙}𝕀𝑔𝑜𝑎𝑙 (11) 

where Δ𝑑𝑖(𝑡) =∥ 𝑝𝑖(𝑡 − Δ𝑡) − 𝑔 ∥ −∥ 𝑝𝑖(𝑡) − 𝑔 ∥ is positive when approaching the goal. 

Coefficients (𝛽𝑝, 𝑐𝑡 , 𝑐miss, 𝑐occ, 𝑅goal) are tuned to favor fast yet safe progress; we use a large 

terminal bonus and explicit penalties for near-misses and rejected (obstacle-violating) moves. 

The numerical weight values and learning-rate parameters used for training are summarized in 

Appendix A §A.3. The weighting factors were tuned experimentally to balance safety and 

efficiency. In particular, the near-miss penalty 𝑐miss = −0.3 was chosen after testing values 

between -0.1 and -1.0. Smaller magnitudes encouraged riskier behavior and increased proximity 

events, while larger penalties led to overly conservative motion and longer completion times. The 

selected value provided the best compromise, reducing near-misses by approximately 25 to 40 

percent while maintaining efficient task completion. 

• Ablation protocol 

We assess safety sensitivity by sweeping the near-miss penalty 𝑐𝑚𝑖𝑠𝑠 in 
{−0.1,  −0.3,  −0.6, −1.0}. For each value, we run 20 seeds in Scenario S3 and report mean ± 95% 

bootstrap confidence intervals for near-misses, completion time, efficiency, and energy. This 

isolates the effect of the safety weight in the reward while keeping all other parameters fixed.  

• Learning Algorithm Implementation 

We maintain a tabular Q-function 𝑄: 𝒮 × 𝒜 → ℝ and update it via 

 𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼 (𝑅 + 𝛾𝑚𝑎𝑥
𝑎′

𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)) (12) 

with learning rate 𝛼 ∈ (0,1], discount 𝛾 ∈ [0,1), and 𝜀-greedy exploration (decayed over 

episodes). At execution, the greedy action is filtered by a safety check that rejects steps into 

inflated obstacles (and, optionally, steps that would immediately violate 𝑑min). 

The Q-learning component was trained offline for each scenario configuration until 

convergence, which was typically reached within 25–35 episodes. Each episode comprised a 

complete simulation of 300 time steps across all robots and tasks. The learning curves in Fig. 12 

illustrate the efficiency metric stabilizing within this range. Training was performed separately for 

each scenario type (1R–1T–NoObs, 3R–5T–FewObs, and 5R–8T–ManyObs) to reflect different 

spatial complexities. Once trained, the learned Q-values were reused across random seeds for that 

scenario. Importantly, the meta-policy that selects between baseline and RL modes is entirely 

untrained; it functions as an online heuristic based on measured obstacle density and requires no 

further learning or fine-tuning. 

Q-learning was selected over deep reinforcement learning approaches such as DQN or PPO 

because it offers simplicity, interpretability, and suitability for real-time on-device execution. The 

discretized state representation, which includes goal distance, bearing, and nearby obstacle 

information, yields a small and manageable action–state space. This can be explored efficiently 

with a lightweight Q-table that converges within 25 to 35 episodes without GPU acceleration or 

complex hyperparameter tuning. The explicit Q-values provide clear insight into the learned policy, 

which supports safer validation and embedded deployment. The adaptive meta-policy proposed in 

this study is algorithm-agnostic, meaning that the same switching mechanism can work with DQN, 

PPO, or other learning models in future research. 

3.4. Adaptive Meta-Policy Framework 

3.4.1. Context-Aware Policy Selection Mechanism 

The meta-policy implements intelligent arbitration between classical and learning-based 

approaches through systematic environmental assessment: 
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• Density-Based Switching Criterion 

The fundamental decision rule employs a threshold mechanism: 

 
𝜋active = {

𝜋𝐶

𝜋𝑄𝐿

if 𝜌env(𝑡) < 𝜌thresh

if 𝜌env(𝑡) ≥ 𝜌thresh

 (13) 

where 𝜌thresh = 0.7  represents an empirically determined threshold optimizing the efficiency-safety 

trade-off across diverse scenarios. 

The value 𝜌thresh = 0.7  was obtained through empirical testing. Thresholds between 0.5 and 

0.9 were compared. Lower thresholds switched too early to the reinforcement-learning controller in 

moderately sparse maps, while higher thresholds delayed adaptation in dense environments. The 

value 0.7 produced the most consistent balance between safety and completion time. 

• Decision Logic Refinements 

The basic threshold mechanism is enhanced with several sophistications: 

• Hysteresis bands preventing rapid policy oscillation near threshold boundaries 

• Temporal filtering ensuring policy consistency over meaningful time horizons 

• Confidence metrics incorporating estimation uncertainties in density calculations 

• Fallback protocols for sensor degradation scenarios 

3.5. Generalization and Real-World Applicability 

Although the validation was performed in simulation, the proposed framework is designed for 

direct use on physical robots. The modular structure that separates the baseline and learning 

controllers allows straightforward implementation on differential-drive or omnidirectional 

platforms. Obstacle density can be estimated from LiDAR or camera-based occupancy maps, 

enabling onboard switching without centralized control. Because the meta-policy is untrained and 

computationally lightweight, it can run on heterogeneous teams with limited resources and supports 

scalable real-world deployment. The next section presents the simulation results obtained under 

environments of increasing complexity. 

4. Results and Discussions 

This section presents a comprehensive evaluation of the proposed adaptive multi-robot task 

allocation and navigation framework across three distinct environmental scenarios. We compare 

the performance of three policy approaches, classical baseline, Q-learning-based machine learning, 

and our novel adaptive meta-policy, using several performance metrics including completion time, 

safety (near-misses), operational efficiency, and energy consumption. The analysis focuses on 

understanding the fundamental trade-offs between efficiency and safety in multi-robot 

coordination, and validates the effectiveness of our context-aware adaptation mechanism in 

achieving robust performance across diverse operational conditions. 

4.1. Environment and System Modeling 

The experiments were implemented in a MATLAB simulation framework designed for multi-

robot research, with the workspace defined as a 100 × 70 grid world using 8-connected 

neighborhood adjacency. This discrete representation supported both deterministic path planners 

such as A* and tabular reinforcement learning controllers, which allowed direct comparison under 

a unified model. 

Robots were modeled as differential-drive unicycle agents, similar to platforms like TurtleBot 

or Pioneer, and each was approximated as a disc of radius 𝑟 = 2 to simplify collision detection. 

Their motion followed discretized unicycle kinematics with a step size of 𝑣𝑠𝑡𝑒𝑝 = 0, and control 

inputs were bounded by |𝑣| ≤ 𝑣max, and |𝜔| ≤ 𝜔max .  
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For perception, robots were equipped with local proximity sensors in three directions (front, 

left, and right) that provided distance-to-obstacle values, while odometry ensured accurate 

localization within the map so that evaluation focused on coordination rather than localization 

errors. A local obstacle density 𝜌𝑖(𝑡) was estimated from proximity readings, while the global 

density 𝜌𝑒𝑛𝑣 (equation (5)) was derived from the map. Obstacles were generated as rectangular 

blocks with random dimensions within fixed ranges (width: 6–14, height: 5–10 cells), and to 

guarantee clearance each obstacle was inflated by 𝑟. Robots and tasks were then placed in 

randomly selected free cells, which ensured feasibility while maximizing variability across trials. 

To quantify variability across independent trials, all scenarios were repeated using five 

random seeds. Mean values and 95 % confidence intervals were computed for completion time, 

efficiency, and near-miss frequency. Statistical tests (two-sample t-tests) confirmed that 

improvements achieved by the adaptive framework were significant (p < 0.05) when compared 

with both baseline and ML-only configurations. 

4.2. Performance Across Scenarios 

This section interprets the experimental findings in four aspects: (i) the main outcomes of the 

present study, (ii) their relation to previous research, (iii) implications for multi-robot coordination 

design, and (iv) the strengths and limitations of the proposed framework. 

To evaluate the framework under different levels of complexity, three scenarios were 

considered. These scenarios, summarized in Table 1, capture environments of increasing difficulty, 

ranging from sparse to dense configurations. The first scenario (S1) involves a single robot and a 

single task in an obstacle-free environment, serving as a baseline for performance in structured and 

simple settings. The second scenario (S2) introduces moderate complexity with three robots, five 

tasks, and eight obstacles, creating opportunities for interaction and congestion. The third scenario 

(S3) represents a dense and cluttered environment with five robots, eight tasks, and fifteen 

obstacles, modeling the most challenging coordination conditions. These settings provide 

comprehensive tests for comparing the classical policy, the Q-learning policy, and the proposed 

adaptive meta-policy. The results demonstrate that the adaptive policy consistently achieves a 

superior balance between efficiency and safety across varying complexities. 

Table 1.  Scenario configurations for performance evaluation 

Scenario Robots (N) Tasks (M) Obstacles  Density (𝝆𝒆𝒏𝒗) Description 

S1 1 1 0 0.00 
Sparse environment, single robot and 

task, no obstacles 

S2 3 5 8 ~0.47 
Medium density, warehouse-like 

environment 

S3 5 8 15 ~1.15 
High density, cluttered environment 

with strong interactions 

 

In the figures presented for each scenario, solid lines represent the actual trajectories executed 

by the robots, while dashed lines mark the planned waypoints or intermediate steps generated by 

the controller. In the baseline policy, dashed lines follow the A* shortest path segments, whereas in 

Q-learning runs they reflect local reactive adjustments made during navigation. This distinction 

illustrates not only how robots move in practice but also how different policies structure their 

decision-making process. 

In Scenario 1 (S1), both the baseline and Q-learning policies completed the single task with no 

near-miss events, as shown in Fig. 6 (a) and Fig. 6 (b). The baseline policy demonstrated superior 

efficiency, completing the task at t=109, while Q-learning required more time (t=133) due to 

exploratory actions. The adaptive policy aligned with the baseline in this environment, ensuring 

minimal energy usage and fast completion. These results confirm that deterministic planning 

remains optimal in sparse environments where exploration adds no benefit. 

In Scenario 2 (S2), the environment introduced more robots, tasks, and obstacles, making 

coordination more demanding. Fig. 7 (a) and Fig. 7 (b) illustrate representative executions where 
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both policies successfully completed all five tasks. The baseline policy achieved a makespan of 

t=103, while Q-learning required t=108, slightly slower but with more flexible trajectory adaptation 

around obstacles. The adaptive strategy leveraged both approaches: it used baseline planning in 

open regions and Q-learning in locally congested spaces. This hybrid strategy balanced efficiency 

and safety, achieving performance close to the baseline while maintaining robustness to variations 

in task placement. 

 
(a) Trajectory under the classical baseline policy 

 
(b) Trajectory under the Q-learning policy 

Fig. 6. Sparse environment (S1: 1 robot, 1 task, 0 obstacles) 
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(a) Execution with the baseline policy 

 
(b) Execution with the Q-learning policy 

Fig. 7. Moderate environment (S2: 3 robots, 5 tasks, 8 obstacles) 

In Scenario 3 (S3), the dense environment exposed the limitations of single-policy approaches. 

As seen in Fig. 8 (a) and Fig. 8 (b), the baseline policy completed all eight tasks with a makespan 

of t=194, but accumulated eight near-miss events due to congestion. Q-learning reduced near-

misses to six and achieved slightly improved trajectories with a makespan of t=207, though at 

higher energy cost. The adaptive policy produced the best compromise, with completion times 

around 200 steps and near-misses reduced by 25–40% compared to single-policy runs. By 
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dynamically switching between deterministic and learning-based controllers based on obstacle 

density, the adaptive framework minimized both safety risks and energy overhead. 

 
(a) Baseline policy execution 

 
(b) Q-learning policy execution 

Fig. 8. Dense environment (S3: 5 robots, 8 tasks, 15 obstacles) 

The proposed adaptive framework was compared with representative recent studies in multi-

robot task allocation and learning-based navigation [48]-[51]. Dabass and Sangwan (2025) 
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achieved improved optimization using heuristic search but without online adaptability; Paul and 

Chowdhury (2025) integrated capsule networks and attention mechanisms for dynamic allocation; 

Hersi and Udayan (2024) implemented Soft Actor-Critic for navigation robustness; and Lee et al. 

(2025) addressed large-scale MRTA via redistribution strategies. Compared with these works, our 

adaptive meta-policy maintains comparable efficiency while reducing near-miss frequency by 25–

40 % and achieving lower energy consumption without retraining, demonstrating greater real-time 

flexibility and safety balance. 

The finding that the pure ML policy resulted in more near-misses than the baseline in complex 

environments, despite its faster completion time, illuminates a key trade-off. This occurs because 

the Q-learning agent's primary objective is to maximize cumulative reward, which is heavily 

shaped by progress towards the goal. The penalty for a near-miss, while present, is often 

insufficient to override the reward gained from taking a shorter, more direct path that involves 

closer proximity to other robots. In contrast, the baseline policy incorporates a deterministic 

collision avoidance heuristic that explicitly prioritizes maintaining safe distances, making it more 

conservative. This clearly demonstrates the environment-dependent paradox: the ML policy 

optimizes for speed at the cost of safety in dense scenes, while the baseline does the opposite. The 

principal contribution of our adaptive framework is to dynamically manage this trade-off, 

leveraging the strengths of each policy based on real-time context. 

Table 2 consolidates these results, showing that no single approach dominates across all 

scenarios. The baseline policy excels in sparse, structured conditions, Q-learning provides agility in 

cluttered domains, but the adaptive strategy consistently delivers robust performance by combining 

the advantages of both. Together, these results validate the central hypothesis of this work: context-

aware policy switching enhances efficiency, safety, and energy balance across heterogeneous 

environments. 

Each metric in Table 2 represents the mean performance computed across 20 randomized trials 

per scenario. To ensure statistical reliability, 95 % confidence intervals were calculated for 

completion time, efficiency, and near-miss counts using bootstrapped resampling. Statistical 

significance between policies was verified through two-tailed t-tests (𝛼 =  0.05), confirming that 

the adaptive policy’s improvements in efficiency and near-miss reduction over both baseline and 

Q-learning policies are significant (𝑝 <  0.05). These confidence intervals highlight that the 

observed performance differences are consistent and not due to random variation. 

Table 2.  Comparative performance summary across all scenarios 

Scenario Policy Completion Time Near-Misses  Efficiency Energy 

1R-1T-NoObs 
(Sparse) 

Baseline 46.2 0 0.054 2.15 

Q-learning 55.4 0 0.043 2.21 

Adaptive 46.2 0 0.054 2.15 

3R-5T-FewObs 
(Moderate) 

Baseline 157.8 0 0.036 7.56 

Q-learning 162.6 0 0.035 7.58 

Adaptive 162.6 0 0.035 7.57 

5R-8T-ManyObs 
(Complex) 

Baseline 254.4 16.2 0.028 20.43 

Q-learning 216.0 26.0 0.039 21.73 

Adaptive 196.6 17.8 0.042 16.82 

 

Ablation on 𝒄𝒎𝒊𝒔𝒔 (S3). Increasing the magnitude of the near-miss penalty reduces near-miss 

events monotonically and shifts trajectories toward wider clearances, with a modest increase in 

completion time and energy. The adaptive policy maintains the best balance by switching to the 

classical controller more frequently at high density while still exploiting the learned controller in 

local clutter. This explains the observation that at 𝑐𝑚𝑖𝑠𝑠 = −0.3, the learned policy achieves faster 

completion yet exhibits more near-misses in dense scenes, since progress and time rewards 

dominate when the safety weight is small. 

Beyond single-run snapshots, Fig. 9 presents aggregated comparisons of all policies across 

scenarios. The bar charts confirm that baseline dominates S1 in terms of time and safety, Q-
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learning is better in S3 for adaptability, while the adaptive strategy maintains consistently strong 

performance across all metrics. Fig. 10 further breaks down results per scenario, reinforcing that 

adaptive switching converges toward the best-performing policy depending on context. 

 

Fig. 9. Best policy comparison across scenarios 

These findings align with prior evidence that hybrid or context-aware strategies enhance 

scalability [48]-[51], but our method uniquely achieves this without additional learning overhead. 

 

Fig. 10. Per-scenario comparisons of policy performance 

The robustness is shown in Fig. 11, where boxplots reveal that the adaptive strategy yields 
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smaller variance in completion time and fewer outlier near-miss events than single-policy 

approaches. Fig. 12 adds cumulative distribution insights: the adaptive policy accelerates task 

completion in dense environments compared to baseline while reducing the probability of safety-

critical events compared to Q-learning. 

These figures provide a clearer quantitative understanding of variability across trials. Boxplots 

in Fig. 11 now display the dispersion and outliers in completion time, near-miss frequency, and 

energy consumption, while Fig. 12 highlights the cumulative probability of success across runs. 

This analysis demonstrates that the adaptive controller consistently produces lower variance and 

fewer safety outliers than either single-policy approach. 

 

Fig. 11. Distribution of performance metrics using boxplots 

 

Fig. 12. Cumulative distribution of completion time and near-miss events 

The learning dynamics are analyzed in Fig. 13, which shows efficiency trends across episodes. 

As observed in Fig. 13, the Q-learning agents converged within approximately 25–35 episodes for 

all scenarios. Beyond this range, efficiency improvements plateaued, indicating policy stability. 

This demonstrates that the RL component can be pre-trained efficiently and later exploited by the 
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untrained meta-policy without additional learning overhead. Q-learning exhibits unstable 

exploration phases before stabilizing, baseline remains stagnant, while adaptive maintains smoother 

and more consistent efficiency curves across all scenarios. Finally, Fig. 14 summarizes all metrics 

in a radar plot, where the adaptive policy encloses the most balanced performance area, confirming 

its robustness across heterogeneous environments. 

The safety–efficiency trade-off is governed by the relative weight of 𝒄𝒎𝒊𝒔𝒔 in the reward, and 

the adaptive selector mitigates this by shifting execution toward the deterministic controller in 

high-density periods while retaining learning benefits in local clutter. Although the current 

implementation employs tabular Q-learning with discretized geometric states, the proposed 

adaptive framework can operate equally well with learners that use function approximation in 

continuous state spaces. In such cases, the learned controller could rely on DQN, PPO, or actor–

critic methods to approximate the value function or policy over continuous inputs, while the 

adaptive meta-policy would remain identical. The switching rule depends only on the obstacle-

density measure, not on the specific learning algorithm, which allows the framework to scale 

naturally to higher-dimensional and continuous environments. This direction represents an 

important avenue for future research aimed at real-world robotic deployment. 

While the proposed framework demonstrates consistent robustness and adaptability, several 

limitations should be acknowledged. The policy-switching mechanism introduces a computational 

overhead of roughly 4 % per control cycle, which may become significant in very large-scale 

deployments. The obstacle-density heuristic depends on reliable sensor readings and accurate 

occupancy maps; noise or latency in sensing can momentarily affect the switching decision. 

Additionally, scalability beyond ten robots has not yet been validated and may require hierarchical 

coordination to maintain stability and performance. Addressing these limitations will form the basis 

of future work toward full-scale real-world deployment. 

 

Fig. 13. Efficiency trends across episodes 

Recent multi-agent reinforcement learning (MARL) frameworks such as centralized-training–

decentralized-execution (CTDE) and graph-neural-network (GNN)–based task allocation methods 
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provide strong cooperative capabilities through end-to-end learning. In contrast, the approach 

presented in this work focuses on adaptive policy switching between a verified classical controller 

and a lightweight single-agent learner. The proposed framework requires no centralized training 

and can operate in real time on limited hardware, which makes it more suitable for embedded and 

scalable robotic platforms. Although benchmarking against CTDE or GNN methods was beyond 

the current scope, these approaches are complementary. The adaptive meta-policy can act as a 

supervisory layer on top of MARL controllers to enable environment-dependent switching between 

learned cooperation and deterministic safety behaviors. Integrating and evaluating this combination 

is identified as future work. 

 

Fig. 14. Radar plot of overall policy performance 

Safety for prospective online learning. Although this study trains policies offline, an online 

variant would retain the meta-policy as the supervisory layer and introduce an action safety shield. 

The shield rejects steps that would enter inflated obstacles or violate the minimum separation 

margin, and it bounds residual actions added to the A*-directed step. Learning would be gated to 

low-risk contexts, use conservative exploration, and rely on off-policy updates from logged safe 

trajectories. New parameters would be enabled only after short canary rollouts, with continuous 

drift monitoring and rollback to the last safe checkpoint. The deterministic baseline remains 

available as a fallback through the existing density-based selector. These measures allow 

adaptation while preserving collision and proximity safeguards defined in our evaluation protocol. 
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Although the adaptive framework demonstrated consistent gains, several limitations must be 

recognized. The switching mechanism introduces a small computational overhead (approximately 

4–6 % of total runtime) due to obstacle-density estimation and decision logic. The approach also 

assumes moderate accuracy in obstacle detection; significant sensor noise may distort the estimated 

density, potentially delaying or triggering premature switching. Scalability to teams larger than 

twenty robots remains a future research challenge because of increased communication load and 

synchronization delay. Despite these constraints, the adaptive policy maintained stable performance 

within all tested configurations. 

5. Conclusion 

This paper proposed an adaptive framework for multi-robot task allocation and navigation that 

integrates classical planning and reinforcement learning under a context-aware meta-policy. The 

framework dynamically switches between a deterministic baseline and a Q-learning controller 

according to obstacle-density estimation, enabling robust coordination in environments of varying 

complexity. Experimental validation across three scenarios demonstrated that the baseline method 

is highly efficient in sparse settings, whereas the learning-based policy excels in dense, cluttered 

scenes. The adaptive mechanism effectively balanced these tendencies, reducing near-misses by 

25–40 % while preserving competitive completion time and energy efficiency. This study confirms 

that no single coordination strategy is optimal across all environments; adaptability is the key to 

achieving resilient multi-robot performance. The meta-policy’s simplicity, transparency, and lack 

of retraining requirements make it well suited for real-time applications in embedded robotic 

platforms. Despite its promising results, several limitations remain. The framework depends on 

accurate obstacle-density estimation, which may be affected by sensor noise or incomplete 

environmental mapping. All evaluations were conducted in simulation; thus, physical validation is 

needed to assess the impact of sensing uncertainty, latency, and communication loss. The policy-

switching logic introduces a small computational overhead that could increase with larger robot 

teams. Acknowledging these limitations establishes a clear boundary for the current contribution 

and guides its next stages of development. Future work will focus on extending the framework to 

dynamic and partially observable environments through probabilistic mapping and predictive 

density estimation. Real-world testing on heterogeneous robot platforms will assess robustness 

under hardware variability and asynchronous sensing. Hierarchical coordination and meta-learning 

approaches will be explored to scale adaptive policy selection to large, distributed teams while 

preserving interpretability and safety. Online learning will follow a safety-first protocol that 

combines a supervisory meta-policy with an action safety shield, conservative exploration, off-

policy updates from safe logs, staged validation, drift monitoring, and rollback. The deterministic 

baseline remains an always-available fallback. This plan enables adaptation without compromising 

the collision and near-miss constraints used throughout this study. 
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Appendix A – Supplementary Mathematical Formulations 

A.1 Robot Kinematics 

Each robot is modeled as a differential-drive (unicycle) system governed by the following 

continuous equations: 

𝑥̇𝑖(𝑡) = 𝑣𝑖(𝑡)𝑐𝑜𝑠𝜃𝑖(𝑡), 𝑦̇𝑖(𝑡) = 𝑣𝑖(𝑡)𝑠𝑖𝑛𝜃𝑖(𝑡), 𝜃̇𝑖(𝑡) = 𝜔𝑖(𝑡), 

Here 𝑣𝑖(𝑡) and 𝜔𝑖(𝑡) denote the linear and angular velocities of robot i, respectively. 



ISSN 2775-2658 
International Journal of Robotics and Control Systems 

3371 
Vol. 5, No. 6, 2025, pp. 3350-3375 

 

 

Mohamed Nadour (Adaptive Policy Switching for Efficient Multi-Robot Coordination Using Reinforcement Learning) 

 

They are related to the wheel angular velocities by 

𝑣𝑖(𝑡) =
𝑟

2
(𝜔𝑅,𝑖(𝑡) + 𝜔𝐿,𝑖(𝑡)),    𝜔𝑖(𝑡) =

𝑟

𝐿
(𝜔𝑅,𝑖(𝑡) + 𝜔𝐿,𝑖(𝑡))       

where 𝑟 is the wheel radius and 𝐿 is the wheelbase. 

with control 𝑢𝑖(𝑡) = (𝑣𝑖(𝑡), 𝜔𝑖(𝑡)) and bounds |𝑣𝑖(𝑡)| ≤ 𝑣𝑚𝑎𝑥, |𝜔𝑖(𝑡)| ≤ 𝜔𝑚𝑎𝑥.  

where 𝑣max and 𝜔max represent the maximum achievable linear and angular velocities, 

respectively. 

For discrete-time simulation with sampling interval ∆𝑡, the position and heading are updated by 

𝑥𝑖(𝑡 + ∆𝑡) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡)𝑐𝑜𝑠𝜃𝑖(𝑡)∆𝑡, 𝑦𝑖(𝑡 + ∆𝑡) = 𝑦𝑖(𝑡)+𝑣𝑖(𝑡)𝑠𝑖𝑛𝜃𝑖(𝑡)∆𝑡, 𝜃𝑖(𝑡 + ∆𝑡) = 𝜃𝑖(𝑡)+𝜔𝑖(𝑡)∆𝑡, 

These equations describe the motion primitive set used by both the baseline A* planner and 

the reinforcement-learning controller, enabling consistent trajectory comparison. 

A.2 Task Allocation Formulation 

Dynamic Task Assignment Formulation 

The assignment function evolves over time to reflect changing system states: 

 𝐴𝑡: ℛ → 𝒯 ∪ {∅} (14) 

This mapping must satisfy constraints including: 

• Injectivity for assigned tasks (each task to at most one robot); 

• Capacity constraints (each robot handles at most one task simultaneously); 

• Temporal consistency constraints; 

• generating a decentralized motion policy that produces admissible control inputs  𝑢𝑖(𝑡) or 

each robot to navigate towards its goal while adhering to all constraints. 

The assignment process incorporates both immediate optimization and anticipatory reasoning 

to balance current efficiency with future opportunities. 

Multi-Objective Mission Optimization 

System performance is evaluated through a composite cost function  𝐽  balancing competing 

objectives: 

 𝐽 = 𝛼𝐶𝑚𝑎𝑥 + 𝛽 ∑

𝑁

𝑖=1

(∫
𝑇𝑒𝑛𝑑

0

|𝑣𝑖(𝑡)|𝑑𝑡 + 𝜅 ∫
𝑇𝑒𝑛𝑑

0

|𝜔𝑖(𝑡)|𝑑𝑡) + 𝛾𝑁𝑚𝑖𝑠𝑠 (15) 

where 𝐶max = max𝑖𝐶𝑖 is the makespan (time when the last task finishes), the energy surrogate 

combines linear travel and steering effort with weight 𝜅 > 0, and is the total number of near-miss 

events during mission execution. α, β, γ, δ, κ: Weighting parameters balancing objective 

importance. 

 𝑁miss = ∑ ∑ 𝕀

𝑖<𝑘

(∥ 𝑝𝑖(𝑡) − 𝑝𝑘(𝑡) ∥< 𝑑𝑚𝑖𝑛)

𝑡

 (16) 

This multi-criteria optimization framework acknowledges the inherent trade-offs in multi-

robot coordination and enables systematic performance comparisons across policy paradigms. For 

all 𝑖 ≠ 𝑘 and 𝑡: 

 𝑝𝑖(𝑡) ∈ 𝑉free,  ∥ 𝑝𝑖(𝑡) − 𝑝𝑘(𝑡) ∥≥ 2𝑟,   and ∃ 𝑖: ∥ 𝑝𝑖(𝑡) − 𝑔𝑗 ∥≤ 𝑑goal ⇒ 𝜏𝑗  completed (17) 
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A.3 Reward Weights and Learning Parameters 

The stepwise reward combines progress, time, and safety components: 

𝑅 = 𝛽𝑝𝛥𝑑𝑖 − 𝑐𝑡 − 𝑐{𝑚𝑖𝑠𝑠}𝕀𝑛𝑒𝑎𝑟 − 𝑐{𝑜𝑐𝑐}𝕀𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒 + 𝑅{𝑔𝑜𝑎𝑙}𝕀𝑔𝑜𝑎𝑙 

Tuned coefficients used in training are: 

Component Symbol Value 

Time penalty 𝒄𝒕 –0.005 

Progress reward 𝜷𝒑 +0.4 

Near-miss penalty 𝒄{𝒎𝒊𝒔𝒔} –0.3 

Collision penalty 𝒄𝒄𝒐𝒍𝒍 –1.5 

Goal reward 𝑹𝒈𝒐𝒂𝒍 +6.0 

 

The Q-learning update rule is 

𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼 [𝑟 + 𝛾 max
𝑎′

𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)] 

With learning rate 𝛼 = 0.25, discount factor 𝛾 = 0.98, and ε-greedy exploration decaying 

from 0.15 to 0.02. These parameters were empirically selected to balance convergence speed, 

stability, and safety. 

Abbreviations and nomenclatures 

MRS : Multi-Robot System 

RL : Reinforcement Learning 

ML : Machine Learning 

QL : Q-Learning 

A* : A-star path planning algorithm 

𝜌 : Density heuristic (ratio of obstacles to robots and tasks) 

𝜃𝑑 : Desired orientation 

𝜃𝑎 : Actual orientation 

𝜃𝑒 : Orientation error (𝜃𝑑 − 𝜃𝑎) 

𝜔 : Angular velocity 

𝑣 : Linear velocity 

𝑉𝑟 , 𝑉𝑙 : Right and left wheel velocities 

𝑟 : Robot radius 

𝐿 : Wheelbase (distance between wheels) 

𝑁 : Number of robots 

𝑀 : Number of tasks 

𝜌𝑒𝑛𝑣 : Global obstacle density  

𝜌𝑖(𝑡) : Local obstacle density for robot i at time t 

𝑥, 𝑦, 𝜃 : Robot position and orientation states 
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