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Overall structure of the review 
This review systematically explores MARL’s core theories, reward

mechanisms, cooperative optimization, real-world applications,
evaluation tools, and future directions.
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Centralized training with decentralized execution 
During training, agents collaboratively learn with access to global

state information using a centralized method; during execution,
agents independently make decisions using only their local
information.
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Design of the reward function 
Intrinsic motivation exploration

  Counting
• Density-based pseudo-count
• Indirect pseudo-count
• State abstraction

 Predictive model
• Prediction error
• Prediction outcome discrepancy
• Improvement of prediction accuracy

 Information theory
• Information gain
• Maximum entropy
• Mutual information
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Design of the reward function  
Reward function reshaping 

 
 

 
 

 ​​Potential-based reward shaping​ supplements rewards with 
state potential differences. 

 ​​Roadmap of reward shaping​​ accelerates learning with state 
potential differences without altering optimal policies. 

 ​​Dynamic potential​ adapts rewards to environmental and 
behavioral changes via variable potential functions. 

 ​​Relative entropy inverse reinforcement learning infers 
rewards by aligning agent behaviors with experts via entropy 
minimization. 

 ​​Meta-learning reward shaping learns adaptable shaping 
functions through meta-learning for higher efficiency and better 
generalizability. 

Front In
form Technol Electro

n Eng



Team reward allocation—credit assignment

VDN 

WQMIX 

Qatten 

QMIX 

QTRAN 

MAVEN 

QPD 

ROMA 
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DAVE 

Design of the reward function 
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Cooperative objective optimization methods 
Trust region optimization—policy update stability
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Cooperative objective optimization methods 
Communication

among collabo-
rative agents
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Cooperative objective optimization methods  
Multiagent cooperation compatibility—strategy alignment 

 
 

 
 Definition 

• Cooperation incompatibility arises from conflicts in 
strategies or behaviors among agents. 

• Causes include divergent goals, inconsistent action 
choices, and strategy misalignments. 
 

 Challenge 
• Traditional MARL often focuses on individual agent 

performance rather than cooperative skill development, 
which leads to difficulties in achieving harmonious 
multiagent collaboration. 
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Typical application scenarios in MARL 
Smart games
Smart cities and industries
National defense and military
Simulation environments in fully cooperative scenarios
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Conclusions and future prospects 

Low-quality reward signals
 Sparse, team-level, deceptive, and delayed reward signals limit

learning effectiveness.

Multitask learning in an open-ended world
 Dynamic, evolving environments require agents to learn diverse,

interdependent tasks simultaneously.
 Challenges include imperfect information, large state/action

spaces, complex planning, and long-term reasoning.

Value alignment and security robustness of agents
 Ensuring that agent goals align with human values and ethical

norms
 Risks of reward hacking and power-seeking behaviors by agents
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