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1. Introduction 

The relationship between human beings and agents in performing different forms of cooperation is increasingly 

becoming significant in contemporary uses of robots, self-managed systems, and intelligent aid mechanisms [21]. 

In such cooperative tasks, different types of agents, including humans and artificial agents, collaborate to 

accomplish common goals under complex and dynamic settings [22][23]. In fields such as disaster management, 

industrial automation, health care assistance, and collective manufacturing processes, coordination between the 

decisions of humans and the activities of the agents is critical. Conventional methods for optimizing policies and 

applying reinforcement learning usually concentrate on the performance of autonomous agents alone, 

considering entirely observable situations or consistent human behavior [19]. 

Intent-aware policy optimization approaches overcome the limitations of existing policies by incorporating 

human intent modeling into the decision-making process of autonomous agents [1][8][5]. Based on the 
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anticipation of human activities, autonomous agents can make adaptive adjustments in order to help humans 

achieve their goals in a more coordinated manner [14][24]. In particular, for collaborative search-and-rescue 

tasks, an intent-aware autonomous agent that can predict future human actions will be able to find the optimal 

point of assistance to provide maximum benefit for human responders without interfering with their activities 

[15][4]. Moreover, in smart manufacturing, an agent that anticipates the intent of human workers can effectively 

manage assembly processes and optimize the use of resources based on worker activities. 

The suggested framework involves integrating real-time intent predictions for humans into multi-agent 

reinforcement learning algorithms [3][20]. The framework employs an intent recognition module, a cooperative 

task scheduler, and a policy optimization module by using an intent-based reward function to make sure that 

actions taken by agents reflect those of humans [9]. This approach proves highly efficient in completing tasks, 

cooperating more efficiently, converging to better policies, and satisfying human beings. 

Key Contributions 

• Conception of a new intent-based policy optimization method that combines human intention 

interpretation and flexible multi-agent reinforcement learning. 

• Derivation of a mathematical formula for an intention-based reward mechanism that increases the 

cooperation effectiveness of humans and autonomous agents.  

• Application of the developed method in the context of task dynamics leads to better task accomplishment, 

lower redundancy, and greater intention-based alignment than other techniques.  

• Knowledge gained on the design of efficient, scalable, and real-world cooperative systems relevant to 

various fields, including robotics, medicine, and manufacturing. 

Introduction of the Motivation of Intent-Aware Policy Optimization is discussed in Section I. Section II gives an 

overview of previous works and their shortcomings. In Section III, we discuss the proposed method, along with 

its mathematical formulation. The methodology and experimental details are presented in Section IV. The results 

are shown in Section V. 

2. Related Work 

Human-agent collaborative research has seen remarkable development during the last decade by considering 

collaboration efficiency, adaptiveness, and safety [2]. Initially, researchers concentrated on developing rule-based 

and heuristic coordination techniques. Using these techniques, agents had an opportunity to interact following 

specific protocols for task distribution. Although these techniques helped to develop cooperation, they lacked 

adaptability to changing behaviors of humans or different tasks [13]. 

Due to machine learning progress, reinforcement learning algorithms have become the dominating technique 

used to optimize agents' policies [6][12]. Such techniques include Q-learning and policy gradient approaches that 

can be used for cooperative agents to improve their actions based on interactions with the environment [11][18]. 

At the same time, most reinforcement learning algorithms operate under an assumption of fully observable 

environments, making them ineffective when dealing with humans [7][10]. 

In order to overcome these difficulties, intent-aware approaches have been developed that include predictive 

models of human behavior in the decision-making process of agents. Approaches using Bayesian inference, 

probabilistic modeling, and recurrent neural networks have been applied in recent works to predict human 

intention in real-time [16][25]. In addition, multi-agent reinforcement learning has been combined with intent 

detection in recent works to enable agents to optimize their strategy according to predicted human behavior in 

order to achieve greater efficiency in cooperation and coordination [17][26]. 

However, there are some major problems and shortcomings in these methods. Most approaches fail to scale well 

with increasing numbers of agents, do not work in real-time, lack ways of incorporating human feedback into the 

decision-making process of the agents, and have low interpretability in terms of the agent’s strategy. 
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3. Proposed Intent-Aware Policy Optimization Framework 

However, in collaborative work between human agents and machine agents, machine agents have to not only be 

optimized themselves, but also have to understand human intention and adapt their policies accordingly. This is 

where the suggested model comes in, since it allows real-time intention recognition and policy adaptation. 

Framework Architecture 

Framework comprised of four main modules as illustrated in Figure 1 below: 

1. Intention Recognition Module: Monitors the activities of the human and infers intentions using the 

context-aware model. 

2. Competitive Task Scheduler: Assigns task execution to the agents based on predictions of human 

intentions, system state, and objectives. 

3. Policy Optimization Module: Calculates the actions for the agents using a context-aware reward function 

to improve their policies in real-time.  

4. The Agents within the Environment: Perform the action, offer feedback, and updates to the policy 

optimization module.  

 

 
Figure 1: Architecture of the Proposed Intent-Aware Policy Optimization Framework 

 

The architecture of the proposed method is presented in Figure 1. The behavior of the human participants is 

observed and used as input to the Intent Recognition Module that estimates the intent of the humans. The intent 

estimated together with the current state of the system serves as the input for the Cooperative Task Scheduler 

that selects the task for every agent. The selected tasks are provided to the Policy Optimization Module that 

computes the actions based on an intent-aware reward function. 

Mathematical Formulation 

Let the agent policy be 𝜋𝜃(𝑎 ∣ 𝑠), with the state 𝑠, action 𝑎, and predicted human intent 𝐼ℎ . The intent-aware 

reward function is formulated as equation (1): 

𝑅𝑡 = 𝑅𝑡𝑎𝑠𝑘(𝑠𝑡 , 𝑎𝑡) + 𝜆 ⋅ 𝑅𝑖𝑛𝑡𝑒𝑛𝑡(𝑎𝑡 , 𝐼ℎ)        (1) 

• 𝑅𝑡𝑎𝑠𝑘: reward based on task performance,  

• 𝑅𝑖𝑛𝑡𝑒𝑛𝑡: reward based on alignment with human intent,  

• 𝜆: weight factor for intent influence.  
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Policy updates follow the standard policy gradient in equation (2): 

∇𝜃𝐽(𝜃) = 𝔼[∇𝜃 log 𝜋𝜃( 𝑎𝑡 ∣∣ 𝑠𝑡 ) ⋅ 𝑅𝑡]      (2) 

This ensures agents learn policies that maximize both task efficiency and cooperation with humans. 

4. Methodology 

This section provides information on the experimental procedures, task settings, and evaluation criteria used to 

validate the proposed intent-aware policy optimization framework. 

Task Scenarios 

For the validation of the proposed intent-aware policy optimization framework, the framework was applied to 

the evaluation of dynamic human-agent cooperative tasks such as assembly, disaster response simulations, and 

resource allocation. The tasks were conducted among several agents and human players, where the agents were 

required to be proactive in predicting the intentions of the humans. Different types of tasks were included, 

consisting of sequential, dependent, and parallel tasks. 

Experimental Setup 

The experimental setup was developed using a multi-agent simulation tool in the Python programming language. 

Human behaviors were captured by predefined sequences or real-time input and then input into the Intent 

Recognition Module. Reinforcement learning was used to define the strategies of the agents in addition to the 

intent-aware reward function. System state comprised environmental parameters, agent parameters, task 

success history, and human behavior history to ensure efficient task allocation and calculation of optimal moves. 

Algorithm: Intent-Aware Policy Optimization (IAPO) for Human-Agent Cooperative Tasks 

Input: Initial agent policies 𝜋𝜃 , environment states 𝑠, human action history 𝐻, intent weight 𝜆 

Output: Updated agent policies 𝜋𝜃
∗aligned with human intent 

Steps: 

1. Observe Human Actions: Record current human actions and relevant context.  

2. Predict Human Intent: Use the Intent Recognition Module to estimate 𝐼ℎbased on historical and current 

human actions.  

3. Task Scheduling: Allocate tasks to agents using the Cooperative Task Scheduler, considering predicted 

intent, agent states, and task priorities.  

4. Compute Intent-Aware Reward: For each agent, calculate the reward 𝑅𝑡 = 𝑅𝑡𝑎𝑠𝑘(𝑠𝑡 , 𝑎𝑡) + 𝜆 ⋅

𝑅𝑖𝑛𝑡𝑒𝑛𝑡(𝑎𝑡 , 𝐼ℎ).  

5. Policy Update: Apply reinforcement learning (e.g., policy gradient) to update agent policies:  

∇𝜃𝐽(𝜃) = 𝔼[∇𝜃log 𝜋𝜃(𝑎𝑡 ∣ 𝑠𝑡) ⋅ 𝑅𝑡] 

 

6. Execute Actions: Agents perform actions in the environment based on updated policies.  

7. Feedback Loop: Observe outcomes and repeat steps 1–6 until task completion or policy convergence.  

The algorithm is executed in a loop that involves agents observing the actions of human beings and 

understanding their intents through prior experiences and contextual knowledge. The Cooperative Task 

Scheduler schedules tasks using the dynamic algorithm, whereas the Policy Optimization Module improves the 

policies of agents using an intent-aware reward structure that considers task completion and compliance with 

human intentions. This continues until the intended objective is fulfilled, and through the direct involvement of 

human intentions in reinforcement learning, the system enhances task completion, cooperation, policy 

convergence, and human satisfaction. 
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Evaluation Metrics 

Performance metrics included measures of both task efficiency and alignment with humans. Task Completion 

Rate (TCR) determines the percentage of tasks successfully completed in the designated time period. Cooperation 

Efficiency (CE) indicates the extent to which agent’s activities correspond to the predicted intentions of humans. 

Policy Convergence Time (PCT) calculates the number of iterations until the convergence of agent policies. 

Human Satisfaction Index (HSI) reflects users’ subjective perception of agent cooperation effectiveness. 

5. RESULTS AND DISCUSSION 

This part analyzes the results of evaluating the proposed intent-aware policy optimization technique in 

comparison with baselines by examining performance metrics for task efficiency, human-agent alignment, 

learning performance, and human satisfaction perception. Graphs illustrate both quantitative and qualitative 

improvements in the results. 

Task Completion and Cooperation Efficiency 

Task Completion Rate (TCR) and Cooperation Efficiency (CE) indicate the effectiveness of agents in task 

completion and cooperation. Figure 2 shows a grouped bar graph for three types of models. The intent-aware 

policy optimization technique provides the highest values of both TCR (93%) and CE (88%). 

 

Figure 2: Task Completion and Cooperation Efficiency 

The TCR (%) and CE (%) are depicted by figure 2 in blue and orange bars, respectively, on the y-axis, while the x-

axis depicts the names of models. In both parameters, the Intent-Aware RL bars have the highest values. 

Policy Convergence Time and Human Satisfaction 

In Figure 3, the Policy Convergence Time (PCT) and Human Satisfaction Index (HSI) are represented together. In 

the case of PCT, a line chart is plotted since it depicts the iteration count that would be needed to ensure policy 

convergence. Conversely, HSI is depicted using bar charts, and the intention-aware policy results in a higher HSI 

(4.5). 

http://www.svedbergopen.com/


www.svedbergopen.com                          International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.3s, 2026                                                                                                                                                                           80 

 
Figure 3: Policy Convergence and Human Satisfaction 

 

PCT is illustrated in Figure 3, where iterations are plotted on the y-axis and models on the x-axis. HSI graph is 

presented as a bar graph overlaying the same x-axis. Intent-Aware RL achieves stability earliest and boasts the 

highest bar, suggesting maximum human satisfaction. 

Table 1: Comparison of the proposed intent-aware framework against baseline methods. 

Model TCR (%) CE (%) PCT (Iterations) HSI (1–5) 

Heuristic Task Allocation 78 70 250 3.2 

Standard RL 85 76 180 3.7 

Intent-Aware RL (Proposed) 93 88 120 4.5 

Adding human intention greatly enhances efficiency in accomplishing the task and learning and lowers the time 

needed for policy convergence while increasing human satisfaction. This shows that our suggested framework is 

superior to baseline methods. 

Metrics Formulas 

Task Completion Rate (TCR) 

TCR (%) =
Number of Tasks Completed Successfully

Total Number of Tasks
× 100      (3) 

Equation 3 shows the task completion rate of the system. 

Cooperation Efficiency (CE) 

CE (%) =
Number of Agent Actions Aligned with Human Intent

Total Number of Agent Actions
× 100       (4) 

Equation 4 shows the cooperation efficiency of the system. 

Policy Convergence Time (PCT) 

PCT (iterations) = Number of iterations required for policy change Δ𝜋 ≤ 𝜖         (5) 
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Where in the equation (5) 𝜖is a small threshold for policy stability. 

Human Satisfaction Index (HSI) 

HSI =
∑ 𝑆𝑖 

𝑁
𝑖=1

𝑁
         (6) 

Where in equation (6) 𝑆𝑖is the satisfaction rating given by a human participant 𝑖on a scale of 1–5, and 𝑁is the 

total number of participants. 

Discussion 

The obtained results prove that the intent-aware policy optimization approach considerably exceeds the 

performance of traditional techniques in all considered indicators. The grouped bar chart (Figure 2) indicates 

that such indicators as Task Completion Rate (TCR) and Cooperation Efficiency (CE) are noticeably better for the 

intent-aware framework, being equal to 93% and 88%, correspondingly. That means that agents can predict and 

adapt to human moves adequately, thus minimizing task conflicts and facilitating efficient task performance. The 

capability of predicting human intentions enables agents to optimize policy by prioritizing subtasks and 

eliminating redundant actions, as opposed to conventional RL and heuristic task allocation. 

The combination of the line and bar charts (Figure 3) proves that the Policy Convergence Time (PCT) was 

minimized by means of the proposed approach; it took 120 iterations to reach a stable state. Fast convergence 

testifies about the efficiency of policy optimization in the case of human intent integration. Furthermore, Human 

Satisfaction Index (HSI) reached its highest possible value of 4.5/5, meaning that the level of cooperation and 

responsiveness of agents was rated as satisfactory by human participants. 

In addition, it has been shown that the model is scalable to different task difficulties, which include both 

sequential and interdependent tasks. The help of the intent-aware reward function helps the agents to balance 

task efficacy and alignment with humans, resulting in adaptive and comprehensible behaviors. It is clear from 

the above findings that human intent plays an important role in reinforcement learning in multi-agent 

collaboration environments, particularly in applications such as collaborative robots or disaster management. 

6. Conclusion  

The proposed research in this paper was on the implementation of intent-aware policy optimization 

methodology that allows cooperative behavior between humans and agents by implementing real-time 

prediction of human intent, adaptation, and multi-agent reinforcement learning. The results were remarkable 

with TCR, CE, PCT, and HSI being 93%, 88%, 120 iterations, and 4.5 respectively. This highlights the potential of 

the framework in terms of human action prediction, reducing conflicts between the agent and human, minimizing 

convergence time, and improving human confidence. The present study addresses the limitations of the existing 

reinforcement learning policy using reward shaping and cooperative task scheduling techniques. It is possible to 

use this model for developing scalable, interpretable, and human-aligned policies for practical applications such 

as collaborative robots, industrial automation, and emergency systems. Potential future work might involve 

extending the framework to scenarios involving multiple humans in which the agent must engage with more than 

one human at the same time. The capability of learning continuously and on-line will allow agents to adapt to 

changes in human behavior over time. Combining the framework with techniques used in Explainable AI would 

further enhance transparency and acceptability by humans. Finally, testing the model through real robot 

experiments is essential for verifying its efficacy in practice. 
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