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Abstract. With the development of artificial intelligence, multi-agent 

systems have become an important research hotspot for achieving 

autonomous multi-agent collaboration and intelligent decision-making. 

Among them, multi-agent reinforcement learning (MARL) has become a 

key framework for solving uncertain and dynamic interaction problems. 

This article systematically reviews the cooperation and competition 

mechanisms in MARL. The article points out that centralized training and 

decentralized execution (CTDE) is the core paradigm for solving the 

problems of credit allocation and environmental instability in cooperation, 

and has derived key technologies such as value decomposition and actor-

critic. For competition, the combination of game theory and deep 

reinforcement learning provides a theoretical basis for strategic interaction. 

Additionally, the article analyzes the complexity of mixed cooperative-

competitive scenarios, summarizes a comprehensive framework integrating 

multiple technologies, and demonstrates its application potential through 

cases such as games and smart grids. Finally, in response to current 

bottlenecks, it looks forward to future directions such as combining with 

large models and improving generalization ability.  

1 Introduction 

With the rapid development of intelligent Artificial Intelligence (AI) in recent years, its 

applications in daily life have become increasingly widespread. This surge in demand has 

driven advancements in related technologies. Early artificial intelligence often operated in 

isolation, but people live in a world composed of complex systems where many problems 

cannot be solved by a single intelligent agent. As a result, multi-agent collaboration has 

emerged as a solution. Since optimal solutions are often difficult to identify and exhaustive 

search methods are highly inefficient, algorithms have continuously evolved. To clarify the 

current state of research in this field, the team has written this review to systematically 

organize and integrate the research findings in this area. 

However, multi-agent reinforcement learning (MARL) collaboration and competition 

mechanisms hit key bottlenecks. In non-stationary environments—like sudden obstacles 
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during robot collaboration— joint policy training loses stability. When agent numbers 

fluctuate (say, adding or removing robots), behavioral combinations get too complex to 

compute. 

Offline learning misses collaboration temporal patterns (such as robot coordination 

sequences) and struggles to adapt to tasks, which limits cross-scenario use [1]. High 

computational needs hold back real-world deployment (e.g., autonomous driving), and no 

unified benchmarks make research harder to reproduce [2]. Unresolved credit assignment 

also slows collaborative optimization. 

This study will present a systematic review of the subject matter, focusing on the core 

methods and technical evolution of cooperation mechanisms, the core methods and technical 

evolution of competition mechanisms, as well as mixed cooperation-competition 

mechanisms and their application cases. 

To fix these, future research has several directions. It can pair large language models with 

cMALC-D to boost sample efficiency and ease nonstationary training instability [3], advance 

hierarchical skill learning for better dynamic adaptation and cross-scenario transfer [1], and 

use role-based frameworks (like CORD) to improve collaboration flexibility and credit 

assignment [4]. It can also set up standardized benchmarks. 

Along with solving high-dimensional decision-making, these steps will speed up MARL’
s use in smart grids and multi-robot collaboration [2].  

2 Core Methods and Technical Evolution of Cooperation 
Mechanisms 

In multi-agent reinforcement learning, the cooperative mechanism refers to the scenario 

where all agents share a common reward function, with the goal of maximizing the overall 

long-term return. To achieve this objective, the technology has undergone multiple 

generations of evolution.The first to be introduced is the independent learning paradigm, 

which was a commonly used optimization approach in the early days. It individualizes agents, 

that is, ignores the influence between agents, and thus can directly apply the single-agent 

reinforcement learning algorithm. However, this method is like closing the door to the outside 

world, not considering the external dynamic situation, resulting in difficult convergence of 

strategies and low collaboration efficiency. The first improvement is the explicit 

communication coordination paradigm, which enables agents to "communicate" with each 

other and be aware of each other's existence. Although it can adapt to complex tasks, it is 

also prone to information overload and has other shortcomings such as weak anti-interference 

ability. Then an extremely important event occurred - the paradigm revolution [1]. During 

this process, a large number of new paradigms were proposed, among which the most famous 

one was the Centralized Training and Distributed Execution (CTDE) paradigm, which 

changed the traditional training and execution mode of agents: The core of it is centralized 

training and decentralized execution. That is, during training, there is a "head coach" who 

acquires all the information and adjusts the strategy, while during execution, each agent 

operates independently, relying on the local information it receives to make individual 

decisions. This paradigm effectively resolves the core contradiction. Centralized training 

relies on global information and can accurately assess the value of joint actions, thereby 

solving the problems of credit distribution and environmental non-stationarity. Distributed 

execution ensures the feasibility and scalability of the algorithm in practical scenarios. Since 

then, almost all advanced collaborative algorithms have been developed based on the CTDE 

framework [2]. 

Under the mode of centralized training and distributed execution, to solve the key 

problem of credit allocation in collaboration, two main technical paths have been formed: the 
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method based on value decomposition and the actor-critic method. First, let's talk about the 

technical route based on value decomposition. It needs to break down the overall value of the 

team into the individual value of each agent. When optimizing in the direction of "making 

the decomposed individual value consistent with the team's goals", it is necessary to ensure 

that the expression ability of each agent is strong enough. At the beginning, VDN used simple 

addition, adding up the Q values of each agent to represent the total Q value of the team. 

Although it was easy to understand, its expressive power was limited. Later, methods such 

as QMIX [3] and Qatten introduced monotonicity constraints and nonlinear hybrid networks, 

which significantly enhanced the model's expressive power while ensuring the consistency 

of individual and team goals. For instance, they performed exceptionally well in complex 

tasks like StarCraft II. Methods such as QTRAN and QPLEX, on the other hand, attempt to 

relax the monotonicity constraint, enabling the algorithm to more accurately depict the 

capabilities of teams and individuals in more complex scenarios. Looking at the technical 

route based on actors and critics, it mainly assigns a policy network to each agent, just like 

an "actor", allowing a centralized network of critics to guide its learning. MADDPG is a 

typical example of this approach [5, 6]. Its critics can obtain global information and thereby 

optimize individual strategies. Although MADDPG was designed for the CTDE mode, its 

idea of distributing "credit" through centralized critics has inspired a lot of subsequent work. 

COMA goes a step further by using the "counterfactual benchmark" method to compare the 

value of the actual actions of the agent with the default benchmark actions, accurately 

assessing the contribution of each individual, and providing a more reliable "credit basis" for 

the overall strategy update. These two technical routes have promoted the development of 

collaborative reinforcement learning from different perspectives and have also become the 

core methods in the CTDE framework. Under the CTDE framework, agents can also evolve 

from early broadcast communication to more efficient directional communication by learning 

"who to say" and "what to say", and coordinate in a targeted manner when needed, further 

enhancing their collaborative capabilities in complex environments [7, 8]. 

3 Core Methods and Technical Evolution of Competition 
Mechanisms  

Game theory provides the primary theoretical framework for multi-agent competition. It 

abstracts the conflict of interest situations wherein the strategic choice of each agent 

determines the distribution of gains between agents. Continuous modification of the models 

keeps pace with the requirement of a steadily increasing complexity of environments. For 

example, a distributed coordination approach for multirobot systems, inspired by natural 

swarms, introduces the k-winner-take-all principle, thereby integrating a simple recurrent 

neural dynamics solver and a distributed solver—via consensus for global info conversion—
within the discrete-time domain toward optimum stability and resource utilization [9]. A 

three-party dynamic multi-strategy evolutionary game theory method under asymmetry of 

information for USVs incorporates an incentive mechanism to enhance achievable payoffs, 

thus enabling it to build an interaction model that allows for higher decision-making accuracy 

[10]. A hierarchical game-based competitive incentive mechanism for demand response 

applies multiple agents and links pricing and responses using Stackelberg and evolutionary 

game theory methods. It also includes an energy system [11]. EGT also models swarm 

interest conflicts, utilizing the iterated prisoner's dilemma game to study cooperation 

evolution through four strategies[12]. 

The other main method is reinforcement learning. In it, agents learn from interacting with 

the environment and reward signals. However, non-stationarity and coordination problems 

have to be tackled. Some algorithms, such as MADDPG and MATRPO, are explicitly 

designed to improve stability and convergence, exist.  
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The CTDE framework embodies a nice trade-off between global optimization through 

central training-and local autonomy-in decentralized execution.  

Frequency-domain cooperative jamming forms a hierarchical reinforcement learning 

model by decomposing the problem into subproblems that yield optimal solutions at each 

level of decomposition [13]. 

Distributed decision-making boosts real-time performance and scalability. A distance-

based algorithm under the improved k-WTA framework generates dynamic signals for near-

optimal multi-agent grouping [14].  

For moving target defense, a mechanism switches agent interaction modes to optimize 

defense [15]. 

Technologically, the early research in multi-agent competition was quite simple in 

structure and low in agent number. The 1980s established the ideas of agents and multi-agent 

systems, but complex competition scenarios were absent. The 1990s applied game theory and 

simple reinforcement learning to things like robot soccer. The 21st century brought complex 

strategy learning based on deep learning, where AlphaX agents won out in the competitions. 

Recent trends involve combining it with blockchain for transparency and edge computing for 

low latency.  

4 Mixed Cooperation-Competition Mechanisms and Application 
Cases 

Due to the complexity of the environment, hybrid cooperation and competition opportunities 

in MARL encounter significant challenges, where agents must collaborate within teams and 

compete between teams. These complexities are quite evident in the application of different 

fields. In multiplayer online competitive games such as Dota 2 and League of Legends, agents 

in a team must coordinate their actions and consider the distribution of positive and negative 

rewards. They need to adapt to the strategies of competing teams and the rapidly changing 

environment [16]. This complexity is not only reflected in games but also in life. In 

autonomous vehicle systems, vehicles need to consider cooperative traffic management and 

choose route optimization, while also competing for limited roads [17]. In the smart grid 

system, the decentralized energy system must coordinate to optimize energy production and 

consumption, but it also faces competition in the energy market [18]. 

As shown in Figure 1, there are many algorithmic ideas to solve this hybrid mechanism. 

This framework is based on general techniques such as deep reinforcement learning and game 

theory. On this basis, specific methods for coordinating cooperation and competition were 

respectively formulated. Promote coordination within teams through cooperative algorithms, 

and handle competition among teams by using adversarial game strategies. Ultimately, by 

designing effective mechanisms and integrating strategies into adversarial applications, a 

operational hybrid cooperative - competitive system is formed to address challenges in 

complex environments. The main complexity lies in the rapidly changing environment, the 

reward distribution problem and the joint action space growing exponentially. However, due 

to the lack of unified information and the unpredictability of other subjects' behaviors, trust 

issues often lead to inefficiency [16]. The continuous changes in the environment further 

complicate the learning process, as the behavior of each agent affects the environment, 

making it difficult for agents to learn the optimal strategy in such a dynamic setting [19]. So 

MARL still has many application scenarios and development potential. 
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Fig. 1. Hybrid cooperation and competition. (Picture credit: Original) 

5 Conclusion 

MARL has made remarkable progress in addressing the issues of agent collaboration and 

competition through core paradigms such as CTDE. The collaboration mechanism optimizes 

credit allocation through methods such as value decomposition and actor-critic. The 

competition mechanism deeply integrates game theory and reinforcement learning. However, 

in the hybrid cooperation-competition scenario, issues such as non-stationary environment 

and reward distribution remain key challenges. In the future, integrating with large language 

models, developing hierarchical learning and role frameworks, and establishing standard 

benchmarks will be crucial directions for promoting the practical application of MARL in 

real and complex scenarios. 
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