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1. Introduction 

The study of multi-agent collaborative environments is one of the fundamental areas of artificial intelligence, 

whereby multiple agents can collaborate among themselves to perform complicated operations which cannot 

easily be performed by any one agent on its own [1][2]. Multi-agent collaborative environments find extensive 

application in robotics, self-driving cars, sensor networks, smart grids, and logistics management, among other 

areas, where coordination and resource allocation become crucial components in achieving the desired 

objectives within the system [3][4]. All individual agents act independently based on their perception and 

decision-making ability, but collectively contribute to the overall performance of the system. In order to gain 

insight into agent collaborations, communication, negotiations, and joint decisions of the agents must be well 
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understood. This introduction to the topic forms the basis of the subsequent discussion on how agents can 

improve upon each other's strategies through iterations. 

Dynamic environments are characteristic of real-world situations when multiple intelligent entities act 

simultaneously; they feature ongoing shifts in task characteristics, goals, and constraints [5][6]. Multi-agent 

systems are likely to encounter uncertainty caused by incomplete knowledge of environment state and 

unpredictable behaviors of other agents, as well as resource fluctuations [7][8]. Heuristic approaches are known 

to yield unsatisfactory results as they cannot ensure high efficiency in dynamic environments characterized by 

the lack of constancy and stability. The rationale for the current research is the need for dynamic solutions that 

enable learning from past experience and improving strategies in order to deal successfully with changes. 

Strategy refinement appears to be an effective technique as it allows for improvement through feedbacks. 

Although significant improvements have been made in multi-agent systems, some critical issues still need 

addressing [10][12]. The first major issue faced by most multi-agent systems is that of scalability. Most multi-

agent systems do not function effectively in cases where there are large numbers of agents or when the tasks are 

highly interdependent [19]. In addition, many multi-agent systems lack an element of adaptability that helps the 

system adjust in accordance with changing conditions [14]. Another issue with multi-agent systems is the 

problem of efficiency of convergence [16][18]. Multi-agent systems require that the agents keep refining their 

policies to ensure effective convergence. This study focuses on how to implement a multi-agent system that 

enables recursive policy refinement. 

 

Research Objectives 

1. To develop a recursive approach for refining the strategies of agents in collaborative multi-agent systems 

where the agents can recursively refine their strategies in response to feedback from their past actions. 

2. To improve the coordination, task allocation, and overall system performance by utilizing the feedback-

based strategy refinement approach. 

3. To assess the influence of the proposed framework on several important performance metrics, such as 

efficiency, level of coordination, and resource utilization in comparison with static or heuristic solutions. 

4. To test the generalizability of the proposed framework under various heterogeneous multi-agent systems 

characterized by a different number of agents and complexity of tasks. 

The paper is structured as follows: In section II, a literature review of existing methods and research gaps is 

performed. The proposed methodological framework, its architecture, and mathematical modeling are described 

in section III. In section IV, the experiments' design, datasets, and performance metrics are described. In section 

V, experimental results and performance analysis are discussed. Lastly, in section VI, conclusions and future 

research directions are outlined. 

 

2. Related Work 

Cooperative Multi-Agent Systems have been an active area of research within the field of Artificial Intelligence, 

where the main concerns have been coordinated behavior, cooperative problem solving, and joint decision 

making among intelligent entities [13]. Examples of conventional techniques are distributed constraint 

optimization, task assignment through markets, and behavior-based coordinated actions that allow agents to 

communicate and collaborate towards their objectives [15] [17]. However, these techniques generally operate in 

rather static environments, hence rendering them unsuitable for use in more dynamic contexts. Studies related 

to this topic have confirmed that appropriate communication and decision-making strategies are of paramount 

importance to ensure the success of multi-agent systems [11] [20][22]. Furthermore, network structures, latency, 

and heterogeneity of the entities may also impact the coordination process. 

Refinement of strategies refers to continuous improvements in the policies of agents so that they achieve optimal 

performances for tasks[24]. Some examples of strategy refinement methods include reinforcement learning 

techniques, policy gradient techniques, and iterated best response techniques. These strategies enable agents to 

improve based on their experiences and adjust to changes in the environment. Nevertheless, some of the current 

approaches used in refining strategies suffer from issues of long training time, centralization, or lack of ability to 
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converge, especially in situations where there are complicated interdependencies among the agents. In addition, 

the problem of exploitation versus exploration may arise in strategy refinement. 

Recursive algorithms offer a systematic structure within which agents may repeatedly refine their policies based 

on experience gained through feedback from their past behaviors [9][21]. Examples of such applications include 

recursive utility functions, dynamic programming approaches to coordination problems, and reinforcement 

learning techniques involving recursive updates to policy parameters. Though promising, such techniques are 

not yet integrated with adaptive learning processes or cannot be applied in cases where agents are different with 

respect to capabilities, goals, or levels of knowledge[23]. It has been recently shown that the performance of 

recursive techniques can be further improved by combining them with predictions or uncertainty estimation, 

but practical implementation is still lacking. 

Although substantial progress has been made, current frameworks still lack scalability, flexibility in dealing with 

dynamic environments, and compatibility with learning-based coordination. Existing research on multi-agent 

systems mostly considers either homogeneous agents or static scenarios without a suitable method for recursive 

strategy improvement in a multi-agent scenario[25]. The motivation behind the suggested framework stems 

from the aforementioned deficiencies and the necessity for recursive strategy improvement methods that are 

flexible enough to be implemented in heterogeneous multi-agent environments. In addition, there is a lack of 

comparative results between recursive refinement and other methods, such as heuristics and learning, which 

will be discussed in this paper. 

 

3. Proposed Recursive Strategy Refinement Framework 

Framework Overview 

This framework allows a number of agents to cooperate with one another in a changing environment via a 

process of strategy improvement that is performed recursively. Each individual agent has its own policy, which 

is periodically adjusted as per previous actions made and as per observations made concerning other agents. The 

agents have communication channels that they use selectively, and this makes it possible for them to exchange 

pertinent information concerning their work, available resources, and environmental dynamics without 

incurring high communication costs. It is also very appropriate for heterogeneous agents, which have varying 

capabilities and aims, and could be used in areas like autonomous robotics and logistic systems. 
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Figure 1: Architecture of the Proposed Recursive Strategy Refinement Framework 

 

The architecture of the framework used for multi-agents collaboration system is shown in Figure 1. Four major 

layers are shown including the Agents Layer in which the agents independently sense the environment and 

perform actions according to their own strategies, the Feedback Layer where results are assessed and utilities 

are calculated, the Recursive Update Layer that does strategy improvement with the aid of policy updates driven 

by the feedback, and finally, the Communication Layer through which selected data communication is facilitated 

to improve coordination among agents. The second part of the figure emphasizes the agent-based iterative 

decision process, which comprises perception, strategy assessment, action selection, execution, and policy 

update. 

 

Agent Interaction and Decision-Making Loops 

Actions are performed by the agents in discrete time instants depending on the current policy and local 

observation. Having completed the action, agents assess the result using the utility function, which is the measure 

of success in the task performed, efficiency of the interaction, and effectiveness of resource utilization. Further, 

agents make a recursive process of updating the strategy based on the received feedback and, if necessary, on the 

observation of their neighbors’ behavior. This decision cycle provides for an iterative improvement of the strategy 

by resolving possible conflicts and optimizing task allocation. 

Algorithm 1: Recursive Strategy Refinement for Multi-Agent Collaboration 

Input: 

• 𝑁agents with initial policies 𝜋𝑖
0, 𝑖 = 1,2, . . . , 𝑁 

• Environment state 𝑠0and task set 𝑇 
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• Learning rate 𝛼 

• Maximum iterations 𝐾 

• Utility function 𝑈𝑖(𝜋𝑖 , 𝜋−𝑖, 𝑠) 

Output: 

• Refined agent policies 𝜋𝑖
∗ 

• Optimized task allocation and improved collaborative performance  

Steps: 

1. Initialize agents’ policies 𝜋𝑖
0and environment state 𝑠0 

2. For 𝑘 = 0to 𝐾 − 1do: 

 a. For each agent 𝑖 = 1to 𝑁do: 

  i. Observe local environment 𝑜𝑖
𝑘and other agents’ actions 𝜋−𝑖

𝑘  

  ii. Evaluate candidate strategies using utility: 

   𝑈𝑖
𝑘 = 𝑈𝑖(𝜋𝑖

𝑘 , 𝜋−𝑖
𝑘 , 𝑠𝑘) 

  iii. Select action 𝑎𝑖
𝑘according to policy 𝜋𝑖

𝑘 

  iv. Execute action 𝑎𝑖
𝑘in environment, observe reward 𝑟𝑖

𝑘and new state 𝑠𝑘+1 

  v. Update policy recursively: 

   𝜋𝑖
𝑘+1 = 𝜋𝑖

𝑘 + 𝛼 ⋅ ∇𝜋𝑖
𝑈𝑖

𝑘  

  vi. Communicate selective feedback to relevant agents 

 b. End For 

 c. Aggregate global feedback and update environment state 𝑠𝑘+1 

3. End For  

4. Return final agent policies 𝜋𝑖
∗and system-level task performance metrics 

In Algorithm 1, multiple agents can continuously improve their joint capabilities through iteration. Each agent 

monitors its immediate environment as well as the behavior of other agents, assesses the possible strategies with 

the use of a utility function which takes into consideration factors like success, coordination, and resource 

utilization, and makes its decisions based on such assessment. Agents then implement these decisions and 

receive feedback, after which they recursively optimize their utility functions by applying a gradient approach. 

Through selective communication, agents exchange necessary information without putting excessive demands 

on the communication network. This iterative procedure is repeated until agents find their best strategies and 

resolve any issues within the system. 

 

Recursive Strategy Update Formulation 

The recursive strategy refinement process can be expressed mathematically as: 

𝜋
𝑖

(𝑡+1)
= 𝜋𝑖

(𝑡)
+ 𝛼 ⋅ ∇𝜋𝑖

𝑈𝑖(𝜋𝑖
(𝑡)

, 𝜋−𝑖
(𝑡)

, 𝑠𝑡)   (1) 

Where in equation (1), 𝜋𝑖
(𝑡)
is the policy of agent 𝑖at time step 𝑡, 𝜋−𝑖

(𝑡)
represents the policies of all other agents, 𝑠𝑡is 

the system state, 𝑈𝑖  is the utility function, and 𝛼is the learning rate controlling the magnitude of strategy 

refinement. 

The utility function itself is defined as a combination of task performance, coordination quality, and resource 

efficiency: 

𝑈𝑖 = 𝑤1 ⋅ 𝑅𝑖
𝑡𝑎𝑠𝑘 + 𝑤2 ⋅ 𝑅𝑖

𝑐𝑜𝑜𝑟𝑑 + 𝑤3 ⋅ 𝑅𝑖
𝑟𝑒𝑠      (2) 

Where in equation (2), 𝑅𝑖
𝑡𝑎𝑠𝑘measures task completion success, 𝑅𝑖

𝑐𝑜𝑜𝑟𝑑evaluates alignment with other agents’ 

actions, 𝑅𝑖
𝑟𝑒𝑠reflects efficient resource usage, and 𝑤1, 𝑤2, 𝑤3are weighting factors reflecting the relative 

importance of each metric. 
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4. Experimental Setup and Dataset 

Experimental Environment 

The recursive strategy refinement approach was tested through simulations within a multi-agent environment 

that models varying and heterogeneous tasks. This environment is made up of autonomous agents tasked with 

varying responsibilities and dependent on each other. These simulations were conducted through the use of 

OpenAI Multi-Agent Particle Environment, which is an adaptable platform for testing different collaborative 

strategies in either discrete or continuous spaces. The simulations involve tasks that include collecting objects, 

covering an area, and navigation. In addition, the environment allows for varying dynamics such as the random 

introduction of tasks and resources. 

 

Dataset Description 

In order to assess the generalization capabilities of the proposed framework, benchmark datasets capturing 

multi-agent interaction scenarios were utilized. Along with the datasets generated by the simulation framework 

developed at the OpenAI Multi Agent Particle Environment, the Drone Swarm Coordination Dataset obtained 

from Kaggle was utilized to generate multi-agent performance datasets through logs of the autonomous drone 

activities involved in coordinated actions using 3D positions, signals exchanged, warnings issued regarding 

collision events, and mission achievements. Such datasets would facilitate the benchmarking of the recursive 

learning framework against static heuristics and other non-recursive reinforcement learning techniques. 

 

Software and Hardware Configuration 

Simulations and algorithm implementation were carried out in Python 3.10 with TensorFlow 2.12.0 and NumPy 

1.24.3 packages. Visualization and plotting were done using Matplotlib 3.7.1. Simulation runs were performed 

using an Ubuntu 22.04 LTS machine featuring an Intel Core i7-12700H processor, 32 GB DDR5 RAM, and an 

NVIDIA RTX 3080 graphics card (16 GB). This computational infrastructure was capable of handling extensive 

multi-agent simulations with recursive policy improvements and iterations. 

 

Performance Metrics 

The framework’s performance was evaluated using the following key metrics: 

Task Completion Rate (TCR): Equation (3) measures the proportion of successfully completed tasks relative to 

total assigned tasks.  

TCR =
Number of Completed Tasks

Total Assigned Tasks
× 100    (3) 

Coordination Efficiency (CE): Equation (4) quantifies how well agent actions are aligned with overall system 

objectives, reflecting reduced conflicts and improved cooperation.  

CE =

∑ Aligned Actions
𝑖

𝑁

𝑖=1

∑ Total Actions𝑖
𝑁
𝑖=1

× 100     (4) 

Convergence Time (CT): Equation (5) represents the number of iterations required for agent policies to stabilize 

or reach optimal collaborative performance.  

CT = min{ 𝑘: ∣∣ 𝜋𝑖
𝑘+1 − 𝜋𝑖

𝑘 ∣∣< 𝜖, ∀𝑖 ∈ [1, 𝑁] }   (5) 

where 𝜖 is a small threshold defining policy stability. 

Resource Utilization (RU): Equation (6) measures the efficiency of resource allocation across agents, such as 

energy or computational usage.  

RU =
Total Resources Used

Total Available Resources
× 100     (6) 
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5. Results and Discussion 

Quantitative Results 

The newly developed recursive strategy refinement framework was evaluated in terms of its relative 

performance against other baseline frameworks including static rules, reinforcement learning without recursion, 

and best response policies. The metrics used to evaluate the performance included Task Completion Rate (TCR), 

Coordination Efficiency (CE), Convergence Time (CT), and Resource Utilization (RU). Table 1 below shows the 

relative performance in an environment with 10 agents performing collaborative tasks. 

 

Table 1: Comparative Performance of Multi-Agent Coordination Models 

Model TCR (%) CE (%) CT (iterations) RU (%) 

Static Heuristic 72.4 68.3 35 79.5 

RL (non-recursive) 81.7 76.2 28 84.1 

Iterative Best-Response 85.2 79.5 22 86.7 

Recursive Strategy Refinement 92.6 88.4 15 91.3 

 

The comparative analysis among the various multi-agent coordination techniques in relation to the 

quantitatively derived results is provided in Table 1. These multi-agent coordination techniques consist of Static 

Heuristic, RL non-recursive which stands for Reinforcement Learning technique where recursive updating is not 

used, Iterative Best-Response and the new Recursive Strategy Refinement technique that we proposed in this 

paper. The performance measures considered in this analysis are Task Completion Rate (TCR), Coordination 

Efficiency (CE), Convergence Time (CT), and Resource Utilization (RU). It can be noted from the table that 

recursive strategy refinement outperforms the other techniques in all four aspects. 

 

Graphical Performance Analysis 

Resource usage is also improved, demonstrating more efficient use of energy and computational power along 

with task-specific resources. From the line graph, one can see that convergence takes place more quickly under 

recursive learning updates, showing that the proposed model converges the policies of the agents faster than any 

other policy or method like heuristics, non-recursive reinforcement learning, or iterative best response 

algorithms. In summary, the figure offers a graphical representation of all benefits achieved through recursive 

improvement in multi-agent systems. 

 
Figure 2: Multi-Metric Performance Comparison of Multi-Agent Coordination Models 
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Figure 2 is a hybrid chart that plots four different approaches towards multi-agents’ coordination including Static 

Heuristic, RL (Non-Recursive), Iterative Best Response and the new proposed algorithm called Recursive Strategy 

Refinement. In Figure 2, the bars indicate the following measures: Task Completion Rate (TCR), Coordination 

Efficiency (CE) and Resource Utilization (RU), while Convergence Time (CT) is indicated by the dotted line graph. 

As seen from the figure, the recursive approach outperforms other approaches in terms of highest values of TCR, 

CE, and RU, as well as the minimum convergence time. 

 

 
Figure 3: Convergence Trend Across Iterations 

 

Figure 3 shows the convergence property of four different multi-agent coordination algorithms, which include 

static heuristic, RL non-recursive algorithm, iterative best-response approach, and the proposed recursive 

strategy refinement framework. X-axis and Y-axis denote the number of iterations and average task completion 

rate (TCR) percentage, respectively. It can be observed from Figure 3 that the recursive strategy refinement 

framework is faster in reaching a converged policy as compared to other approaches. 

 

Discussion 

The analysis shows that the recursive approach to refining the strategies positively impacts the effectiveness of 

collaboration. The TCR and CE enhancements prove improved task distribution and cooperation between the 

agents, whereas lower convergence time indicates quicker learning and stabilizing of policies. The benefits of an 

increase in the efficiency of resource consumption mean that the system uses its resources, including energy and 

computing capacity, efficiently. The adaptability of agents when facing unforeseen situations improves, thus 

avoiding conflict and duplication. Some of the limitations of this framework are an increase in computational 

time per iteration and scalability issues in very complex multi-agent systems. All of the objectives of this research 

were met successfully. 

 

6. Conclusion and Future Work 

The proposed research presents a recursive policy refinement algorithm designed for collaboration between 

multiple agents under the conditions of complexity associated with dynamic task allocation, coordination, and 

utilization of resources. Such an approach enables the constant change of agents' policies after every single step 

and leads to a substantial improvement of performance. The proposed approach achieved such indicators as TCR 

equal to 92.6%, CE equal to 88.4%, and RU equal to 91.3%. The presented results are much better than those of 

alternative approaches including heuristic algorithms (with TCR being 72.4%, CE being 68.3% and RU being 

79.5%) and non-recursive reinforcement learning algorithm (with TCR equal to 81.7%, CE equal to 76.2%, and 

RU equal to 84.1%). At that, convergence was much faster since it took only 15 steps as compared to 35 and 28 

steps accordingly. Quantitative analysis reveals that the proposed mechanism enables the agents to adapt to 
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changes in their environment, avoid conflicts, and optimize resource allocation. Trends toward convergence 

indicate that the speed of task execution remains constant during each successive iteration of the experiment, 

implying the robustness of the model in the iterative improvement of policies. Some possible avenues of future 

research might be related to integrating the principles of reinforcement learning into the recursive policy 

updating procedure. It is likely to enhance adaptability and flexibility of the approach. Real-time adaptation 

procedures will make it possible to use the model in highly volatile conditions. Meanwhile, the study of 

heterogeneous networks of agents will expand the generalizability of findings by experimenting with different 

types of agent populations with distinct skill sets, goals, and information. Additionally, the acceleration of 

computations via parallelization techniques or selective feedback propagation will address scalability issues. 

Overall, the findings reveal that recursive policy updating produces statistically significant improvements in 

performance indicators. 
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