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Abstract 

Collaborative systems often involve both cooperative and competitive interactions, 
making equilibrium stability a key challenge. This study develops a game-theoretic 
reinforcement learning framework that integrates Nash equilibrium constraints 
into policy optimization. A multi-agent actor-critic model is augmented with 
equilibrium regularization to guide agents toward stable joint strategies. 
Evaluation is conducted on 8,600 mixed-motive tasks, including bidding, resource 
sharing, and competitive planning scenarios. The proposed method improves 
equilibrium convergence rate by 31.5% and reduces oscillatory behaviour in 
policies by 27.9% compared to standard multi-agent RL approaches. Additionally, 
social welfare metrics increase by 18.6%, indicating better global outcomes. The 
results highlight the importance of incorporating game-theoretic principles into 
collaborative decision learning. 
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1.Introduction 

Collaborative decision systems often involve both cooperation and competition. In many 

practical settings, agents must coordinate with one another while simultaneously 

protecting their own interests. Such mixed-motive interactions are common in bidding, 

resource allocation, traffic control, and distributed planning. Because each agent adapts 

to the behaviors of others over time, policy learning in these environments is often 

sensitive to non-stationarity and strategic feedback. Multi-agent reinforcement learning 

(MARL) has therefore become an important framework for modeling sequential 

interaction in dynamic decision systems [1,2]. Recent work has also shown that 

structured representation and inference mechanisms can improve decision quality in 

complex sequential environments, especially when agents must reason over rich 

intermediate information rather than rely only on immediate observations [3]. Even so, 

learning stable strategies in mixed-motive tasks remains difficult, since policy updates 
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may overreact to temporary behaviors of other agents and lead to oscillatory or fragile 

outcomes [4]. Recent MARL studies have improved learning performance from several 

directions. Some methods strengthen optimization stability and coordination efficiency 

through structured updates, communication mechanisms, or better gradient control [5,6]. 

Other studies introduce social welfare, mediation, or signaling mechanisms to improve 

collective performance in environments where cooperation and competition coexist [7,8]. 

These approaches have improved empirical reward and coordination quality in many 

tasks. However, their main focus is often on short-term performance gains rather than on 

whether the final joint strategies are stable in a game-theoretic sense. As a result, agents 

may achieve good average returns during training while still failing to converge to robust 

policies under strategic interaction [9]. This issue has motivated growing interest in 

combining MARL with equilibrium learning [10,11]. Recent studies have explored Pareto-

aware Nash learning, equilibrium-guided gradient adjustment, fairness-aware 

equilibrium optimization, and welfare-based equilibrium discovery. In parallel, 

theoretical research on stochastic games and Markov games has improved the 

understanding of approximate Nash learning, no-regret dynamics, and equilibrium 

convergence under uncertainty [12, 13]. These studies suggest that equilibrium should 

not be treated only as a theoretical endpoint. In mixed-motive learning, it is closely 

connected to training stability, robustness against behavioral shifts, and the long-term 

quality of learned policies [14]. When equilibrium-related structure is ignored, policy 

learning may remain vulnerable to cycling behavior, unstable adaptation, and poor 

generalization across strategic scenarios. Despite this progress, several limitations 

remain. Many equilibrium-aware methods are mainly evaluated in small games or 

simplified benchmarks, and their effectiveness in larger decision systems is still not fully 

clear [15, 16]. Some approaches improve cooperation through reward shaping, auxiliary 

objectives, or exploration design, but do not incorporate equilibrium constraints directly 

into policy optimization. In addition, a considerable part of the literature emphasizes 

gains in reward, efficiency, or welfare, while paying less attention to convergence speed, 

oscillation reduction, and the stability of joint strategies during training. These issues are 

especially important in practical systems, where unstable policies can reduce reliability, 

increase coordination cost, and weaken the interpretability of learned behavior. Another 
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gap lies in the connection between learning dynamics and deployable decision quality. In 

many real-world systems, it is not enough for agents to achieve high returns in 

expectation; the learned strategies must also remain stable when the environment 

changes or when other agents adjust their behavior. A policy that performs well only 

under narrow training conditions may fail in realistic mixed-motive interactions. This 

makes stability not merely an optimization concern, but a practical requirement for 

scalable multi-agent decision making [17, 18]. A framework that explicitly guides agents 

toward equilibrium-consistent behavior may therefore improve both training reliability 

and downstream decision robustness. To address these issues, this study develops a 

game-theoretic reinforcement learning framework for competitive-cooperative decision 

systems. The proposed method builds on a multi-agent actor-critic architecture and 

introduces Nash equilibrium regularization into policy optimization. In this design, policy 

learning is guided not only by cumulative return but also by equilibrium stability, so that 

the learned strategies are less likely to drift toward oscillatory or strategically 

inconsistent behavior. Through experiments on bidding, resource sharing, and 

competitive planning scenarios, this study examines whether equilibrium-aware learning 

can improve convergence, reduce instability, and produce better joint outcomes in mixed-

motive environments. The significance of this work lies in providing a practical bridge 

between MARL optimization and game-theoretic stability, which may support the 

development of more reliable decision models for complex multi-agent systems. 

2.Materials and Methods 

2.1 Study Sample and Task Description 

This study used 8,600 decision tasks with mixed cooperative and competitive settings. 

The tasks cover common cases such as bidding, resource allocation, and multi-agent 

planning. Each task includes 3–10 agents. Agents make decisions step by step based on 

local observations. The environments differ in reward structure, from shared goals to 

strong conflicts. The state space includes resource levels, agent limits, and past 

interaction signals. The dataset was split into training (70%), validation (15%), and test 

(15%) sets. 
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2.2 Experimental Design and Baselines 

The proposed method was compared with several common MARL methods, including 

independent actor-critic (IAC), centralized critic models, and MAPPO. All methods were 

trained under the same settings. The observation space, reward design, and training steps 

were kept consistent. The only difference is that the proposed method adds an 

equilibrium term to the learning objective. The baseline methods do not include this 

term. Each experiment was run five times with different random seeds. The results were 

averaged to reduce randomness. 

2.3 Measurement and Quality Control 

Performance was evaluated using cumulative reward, convergence speed, policy 

variance, and social welfare. Convergence speed was measured by the number of steps 

needed to reach stable performance. Policy stability was measured by the change in 

action distribution over time. All models used the same training budget and hardware 

setup. Gradient clipping was applied to avoid large updates. A learning rate schedule was 

used during training. Early stopping based on validation results was used to reduce 

overfitting. 

2.4 Data Processing and Model Formulation 

All input data were normalized before training. The model follows an actor-critic 

structure. The policy is updated to increase expected return. The objective is written as: 

J(θ)=Eτ∼πθ
[∑ γt

t

rt] 

To improve stability, an additional term is added: 

L=-J(θ)+λ⋅‖πi-πi
NE‖2 

Here, πi
NE is the target equilibrium policy, and λ controls its weight. The final objective 

balances reward and stability. 

2.5 Implementation Details 

The models were implemented in PyTorch and trained on GPU. Both actor and critic 

networks have two hidden layers with 128 units. ReLU was used as the activation 

function. The learning rate was set to 3×10-4, and the discount factor was 0.99. The batch 
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size was 64. Each model was trained for 1 million steps. The regularization weight λ was 

chosen from [0.1, 0.5, and 1.0] based on validation results. All other settings were kept 

the same across methods. 

3.Results and Discussion 

3.1 Convergence Behavior 

The proposed method reached stable performance faster than the baseline models across 

most tasks. The convergence rate improved by 31.5%, which indicates that the added 

equilibrium term helps guide policy updates in a more stable direction. In bidding and 

resource allocation tasks, baseline methods often showed repeated changes in 

performance before reaching a stable level. This slowed down training. In contrast, the 

proposed method followed a smoother trend and reached a steady state earlier, as shown 

in Fig. 1. This result suggests that adding equilibrium guidance can reduce unnecessary 

updates during learning and improve training efficiency [19, 20]. 

 

Figure 1 Convergence curves of different methods across training steps. 

3.2 Policy Stability and Oscillation 

The proposed method showed lower policy fluctuation during training. The variance of 

action distributions decreased by 27.9% compared with baseline methods. This means 

that agents made more consistent decisions over time. In mixed settings, policy 

oscillation is common because each update changes the environment for other agents. 

The equilibrium term helps reduce this effect by keeping policies closer to a stable point. 

As shown in Fig. 2, the proposed method maintains a more stable range after the middle 
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stage of training. This result supports earlier findings that stable learning requires direct 

control of agent interaction, not only reward improvement [21, 22]. 

 

Figure 2 Policy variance during training showing reduced fluctuation in the proposed method. 

3.3 Social Welfare and Task Performance 

The improvement in stability did not reduce task performance. Instead, the proposed 

method increased social welfare by 18.6%. In resource-sharing tasks, agents reduced 

unnecessary competition and made better use of available resources. In competitive 

planning tasks, agents balanced individual gain and group outcome more effectively. 

These results show that stable policies can also lead to better system-level performance. 

In many baseline methods, high rewards are sometimes linked to unstable strategies. The 

current results suggest that adding equilibrium constraints helps avoid such cases and 

supports more reliable outcomes [23, 24]. 
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3.4 Comparison with Existing Work 

Compared with existing studies, the main difference lies in how equilibrium is used 

during learning. Many previous methods focus on reward design, communication, or 

exploration, while equilibrium is considered after training. In contrast, this study includes 

equilibrium guidance directly in the policy update step. This leads to more stable learning 

and faster convergence. In addition, the experiments cover a large set of mixed-motive 

tasks, which provides broader evidence than studies based on small or simple 

environments. The results suggest that equilibrium-aware learning can improve both 

stability and performance in practical multi-agent systems. 

4.Conclusion 

This study develops a reinforcement learning framework for multi-agent systems with 

both cooperation and competition. An equilibrium term is added to the actor–critic model 

to guide policy learning. The results show faster convergence, lower policy fluctuation, 

and higher social welfare compared with standard methods. These findings suggest that 

including equilibrium information can help agents reach more stable and consistent 

strategies. The main contribution is to connect Nash equilibrium with policy optimization 

in a simple and practical way. This approach can be useful in applications such as 

resource allocation, scheduling, and distributed decision systems, where stable 

interaction is important. There are still some limits. The experiments are based on 

simulated tasks, and the equilibrium target is estimated rather than exact. This may affect 

accuracy in some cases. Future work can focus on better estimation methods and tests in 

more complex real-world settings. 
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