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Abstract. Multi-Agent Reinforcement Learning (MARL) algorithms have been utilized in
resource allocation modelling, game theory analysis, formation of alliances and so on. The
potential for future research and applications of MARL in non-zero-sum games is vast, including
integrating MARL with game theory and mechanism design, developing online learning
algorithms for dynamic environments, and exploring applications in various domains. Currently,
there is a relative lack of review literature on this area of research. This paper, therefore, aims to
fill this gap. This work will first introduce the role of MARL in non-zero-sum games. Then it
will discuss in detail the practical applications of MARL in economics, social sciences, and
political science, which are typical of non-zero-sum games while presenting possibilities and
challenges for future research. Finally, a summary is given at the end of the paper. This article
provides insights into the current and future possibilities of using MARL in non-zero-sum games.
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1. Introduction
Non-zero-sum games refer to situations in game theory where the outcomes for each player are not
directly opposite or in conflict. Unlike zero-sum games, where the total gains and losses always balance
out to zero, non-zero-sum games can result in mutual benefits or losses. These games often require
cooperation and negotiation between players to achieve the best outcome for all involved parties.
Multi-Agent Reinforcement Learning (MARL) is a subfield of machine learning that deals with
agents that learn to act and optimize their behaviors in a given environment. The study of MARL in
non-zero-sum games is motivated by many real-world scenarios involving multi-agent systems with
competing objectives. These scenarios often require agents to coordinate their actions, and it can be
challenging to achieve a globally optimal solution without considering the activities of all agents [1]. In
non-zero-sum games, the objectives of the agents may be aligned or conflicting, and the agents' actions
can significantly impact each other's outcomes [2]. Studying MARL in non-zero-sum games can develop
more efficient and effective decision-making strategies in various applications, such as traffic control,
resource allocation, and robotics. Moreover, it can help us gain insights into how humans behave in
complex social situations, leading to a better understanding of social behavior and decision-making.
This article explores the role of MARL in non-zero-sum games and its practical applications in
economics, social sciences, and games.

© 2023 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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2. Applications of MARL in non-zero-sum games

2.1. Applications in economics

Applications of MARL to non-zero-sum games in economics include resource allocation modelling and
game theory analysis. For example, modelling the resource allocation problem using the MARL
algorithm allows multiple agents to learn and maximize their payoffs given limited resources. In addition,
game-theoretic analysis using the MARL algorithm can reveal strategies and game equilibria among
agents, helping economists to understand complex market environments better and predict the behavior
of markets.

2.1.1. The potential for resource allocation optimization in economic scenarios. Figure 1 shows the
resource allocation process in a non-zero-sum game.
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Figure 1. Resource allocation pro- cess in a hon-zero-sum game.

Multi-agent reinforcement learning (MARL) can model complex resource allocation scenarios in
non-zero-sum games within the economic domain. For instance, in a company, MARL can simulate the
interplay of cooperation and competition among employees to maximize resource allocation efficiency
[3]. When resources are scarce, MARL can assist agents, such as employees, to acquire rational resource
allocation strategies to optimize their gains without adversely affecting other agents. This technique can
be implemented in various domains, such as production scheduling, logistics management, energy
allocation, etc. By leveraging the power of MARL, economists can enhance their ability to optimize
resource allocation and utilization to achieve sustainable economic growth [4]. MARL is a promising
approach that can help address resource allocation challenges in real-world scenarios.

2.1.2. Game-theoretic analysis of bargaining. Game-theoretic analysis of bargaining is an essential
aspect of multi-agent reinforcement learning (MARL) in non-zero-sum games. MARL has shown
tremendous potential in analyzing economic negotiation and bidding game scenarios. Nash-Q algorithm,
proposed by Hu and Wellman in their seminal work [5], has been widely used in perfect information
games to find the Nash equilibrium and optimize the strategy of agents involved in the game. In contrast,
the Minimax-Q algorithm, introduced by Bowling and Veloso [6], is more suitable for imperfect
information games, where the optimal strategy is found by minimizing the maximum loss. These
algorithms have been applied to economic scenarios such as auctions and bidding games [7]. Applying
these game-theoretic algorithms in MARL provides a new tool for economists to understand better and
predict market trends, thus contributing to the development of the economic field.
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2.2. Applications in social science

2.2.1. Formation of alliances and bargaining. In non-zero-sum games in social sciences, MARL can
be used for the analysis of problems such as coalition formation and negotiation. Commonly used
MARL algorithms include Q-learning and deep reinforcement learning, which are able to model the
interactions between agents and update strategies by learning the reward function in the game. These
algorithms can be used to analyze and predict behavior and outcomes in areas such as coalition formation
and negotiation, thus helping sociologists to better understand and predict trends in various situations in
human societies.

As mentioned above, Q-learning is a model-free reinforcement learning algorithm used to find the
optimal action-selection policy for any given Markov decision process (MDP) [8]. It works by learning
an action-value function, also known as Q-function, that maps a state-action pair to an expected reward.
The Q-function is learned through an iterative update process, where the agent interacts with the
environment, observes the current state, takes action, and receives a reward. The update rule for Q-
learning is given by:

Q(s,a) < Q(s,a) + afr +y max,Q(s',a’) — Q(s,a)] 1)

s and a are the current state and action, respectively

s' is the next state after taking action an in state s

r is the reward received after taking action a instate s

a is the learning rate, controlling the weight given to new information

v is the discount factor, controlling the importance of future rewards

The update rule essentially updates the Q-value for the current state-action pair based on the
difference between the observed reward and the estimated value of the next state-action pair[9]. Over
time, the Q-function converges to the optimal Q-values, which can then be used to select the best action
in each state.

2.2.2. Analysis of provision of public goods. In a non-zero-sum game involving public goods provision,
the Nash equilibrium may need to be more efficient due to the free-riding problem. Cooperative
mechanisms can be designed to encourage participants to contribute to the public good. MARL
algorithms can be used to study the effectiveness of these mechanisms and identify optimal resource
allocation solutions. For instance, research has shown that the Nash-Q algorithm can effectively
incentivise participants to contribute to the public good while ensuring a fair distribution of the benefits
[10]. By utilising MARL algorithms in analysing public goods provision, researchers can gain insights
into how to design effective cooperative mechanisms to promote the provision of public goods.

The Nash-Q algorithm is a model-free reinforcement learning algorithm used to find a Nash
equilibrium in a non-zero-sum game. In the algorithm, each agent learns a Q-value function, which
represents the expected reward for taking a certain action in a certain state. The agents update their Q-
values based on their own experiences and the experiences of other agents, and they select actions
according to a probability distribution based on their Q-values.

The key idea of the Nash-Q algorithm mentioned above is to incorporate the Nash equilibrium into
the learning process. Specifically, the agents learn to play a best response to the average strategy of the
other agents, which converges to a Nash equilibrium in the long run [10]. The update rule of the Q-value
function in Nash-Q algorithm is as follows:

Qi(SJ a) = Qi(sl a) + G[Ti(s, a) + YZ?zl pj (S,) max 1a' Qi (S,' a,) - Qi(sl a)] (2)

where Q; (s, a) is the Q-value function of agent i in state s taking action a, r;(s, @) is the immediate
reward obtained by agent i in state s taking action a, p;(s’) is the probability of reaching state s" after
taking actions according to the current joint strategy, and a and y are learning rate and discount factor,
respectively.
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In non-zero-sum games, the Nash-g algorithm has been optimised several times to deal with unknown
deterministic continuous-time linear systems [11]. Through these results, MARL in the field of social
sciences can significantly expand the number of people and situations analysed in games and obtain
optimal solutions for cooperation.

2.3. Applications in games

Multi-agent reinforcement learning (MARL) has emerged as a vital technique for enabling agents to
make intelligent decisions in complex, competitive environments. This section explores two notable
applications of MARL in non-zero-sum games: poker and the online multiplayer game Dota 2.

In poker, specifically Texas Hold'em, multiple agents interact in a competitive environment where
strategies are formed through imperfect information. DeepStack, a cutting-edge algorithm developed by
Morav¢ik et al. [12], employs MARL to create artificial intelligence capable of defeating professional
poker players. By leveraging a combination of deep neural networks and counterfactual regret
minimization (CFR), DeepStack evaluates its strategy iteratively, updating its policy based on past
experiences. This results in the agent being able to adapt to various opponents and situations,
demonstrating the efficacy of MARL in non-zero-sum games.

Another prominent application of MARL is in Dota 2, a complex multiplayer online battle arena
(MOBA) game where two teams of five players compete to destroy the opposing team's base. OpenAl's
Five, a team of artificial intelligence agents, has showcased the power of MARL by defeating top human
players in Dota 2 [13]. OpenAl's Five employs a variant of the Proximal Policy Optimization (PPO)
algorithm, enabling the agents to learn from individual and team experiences (The in-game timely
calculations screen is shown in Figure 2). By employing MARL, OpenAl's Five has achieved
remarkable coordination, strategy formation, and decision-making abilities, surpassing human-level
performance.

{2

Figure 2. Applications of MARL in games: OpenAl Five in Dota 2 [13].

These two examples underscore the potential of MARL in non-zero-sum games. The success of
DeepStack in poker and OpenAl's Five in Dota 2 exemplifies the capability of MARL algorithms to
handle complex, competitive environments. These applications highlight the importance of continued
research and development of MARL techniques to improve the performance of artificial intelligence
agents in non-zero-sum games.

2.4. Potential for future research and applications

The potential for future research and applications of Multi-Agent Reinforcement Learning (MARL) in
non-zero-sum games is vast and promising. In order to advance the field, it is essential to explore novel
directions and methods to address the challenges in such games.
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One potential direction is the integration of MARL with game theory and mechanism design, which
can lead to more effective and efficient solutions for complex real-world problems [14]. Game theory
provides a mathematical framework for understanding strategic interactions among multiple agents,
while mechanism design focuses on designing the rules of a game to achieve specific objectives.
Combining these approaches with MARL makes it possible to develop algorithms that consider the
strategic nature of agents and the desired system-wide outcomes.

Another area of future research is the development of MARL algorithms for dynamic and changing
environments. Traditional reinforcement learning algorithms often assume a stationary environment,
which is only sometimes accurate in real-world scenarios. Developing online learning algorithms that
can adapt to changes in the environment and the behaviours of other agents can significantly enhance
the applicability of MARL in practical settings [15].

Additionally, the potential applications of MARL in non-zero-sum games span numerous domains,
including cybersecurity, transportation, and healthcare. In cybersecurity, MARL can be employed to
model the interactions between attackers and defenders, leading to more robust and adaptive defence
strategies. In transportation, MARL can be utilized to optimize traffic signal timings or route planning,
leading to improved traffic flow and reduced congestion. In healthcare, MARL can be applied to
optimize patient treatment plans or allocate resources more efficiently, ultimately leading to better
patient outcomes.

The future research and applications of MARL in non-zero-sum games offer numerous opportunities
for advancement. The combination of MARL with game theory and mechanism design, the development
of online learning algorithms for dynamic environments, and the exploration of applications in various
domains can significantly improve the performance and applicability of MARL algorithms.

2.5. Challenges and limitations of using MARL in non-zero-sum games

Multi-Agent Reinforcement Learning (MARL) has demonstrated significant potential in addressing
non-zero-sum games. However, several challenges and limitations must be considered when utilizing
MARL in such games.

One challenge lies in the complexity of the models and algorithms, which can hinder convergence
and scalability [16]. As the number of agents increases, the state and action spaces grow exponentially,
making it computationally expensive to find optimal policies.

Another area for improvement is the need for more transparency in agents' decision-making
processes. MARL algorithms often produce black-box models that make interpreting and understanding
the results challenging. This opaqueness can hinder the adoption of MARL in sensitive applications
where explainability is crucial.

Furthermore, the heterogeneity of agents and the environment dynamics create difficulties in
developing accurate models. Designing MARL algorithms capable of handling diverse agents with
different objectives and adapting to changing environments remains complex.

Lastly, the potential for adversarial attacks and strategic manipulation can compromise the integrity
and reliability of the results [17]. Ensuring robustness against such adversarial behaviour is essential to
apply MARL in non-zero-sum games successfully.

3. Conclusion
In conclusion, Multi-Agent Reinforcement Learning (MARL) has shown significant promise in
addressing non-zero-sum games, with applications spanning various domains such as economics, social
sciences, games, and other real-world scenarios. Through its game theory and mechanism design
integration, MARL can help develop more effective and efficient solutions for complex problems.
Exploring online learning algorithms for dynamic environments can further enhance their applicability.
However, challenges and limitations remain in utilising MARL in non-zero-sum games. These
include the complexity of models and algorithms, the need for increased transparency and explainability,
heterogeneity of agents and environmental dynamics, and robustness against adversarial attacks and
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strategic manipulation. Addressing these challenges will be crucial for the continued advancement of
MARL in non-zero-sum games.

Future research directions should focus on integrating MARL with game theory and mechanism
design, developing online learning algorithms for dynamic environments, and exploring applications in
various domains. By tackling these challenges and limitations, researchers can unlock the full potential
of MARL in non-zero-sum games, enabling better decision-making and improved performance across
a wide range of applications. Ultimately, the continued advancement of MARL in non-zero-sum games
can lead to a deeper understanding of complex social, economic, and political interactions and contribute
to developing more efficient and effective multi-agent systems.
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