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Abstract: Multiagent reinforcement learning (MARL) has become a dazzling new star in the field of reinforcement
learning in recent years, demonstrating its immense potential across many application scenarios. The reward function
directs agents to explore their environments and make optimal decisions within them by establishing evaluation
criteria and feedback mechanisms. Concurrently, cooperative objectives at the macro level provide a trajectory
for agents’ learning, ensuring alignment between individual behavioral strategies and the overarching system goals.
The interplay between reward structures and cooperative objectives not only bolsters the effectiveness of individual
agents but also fosters interagent collaboration, offering both momentum and direction for the development of swarm
intelligence and the harmonious operation of multiagent systems. This review delves deeply into the methods for
designing reward structures and optimizing cooperative objectives in MARL, along with the most recent scientific
advancements in this field. The article meticulously reviews the application of simulation environments in cooperative
scenarios and discusses future trends and potential research directions in the field, providing a forward-looking
perspective and inspiration for subsequent research efforts.
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1 Introduction

Multiagent reinforcement learning (MARL) has
become a research hotspot in the field of reinforce-
ment learning (RL) in recent years and has made
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significant progress, opening up a series of highly
complex and challenging application areas, such as
autonomous driving (Zhang KQ et al., 2021; Huang
et al., 2024; Ren FY et al., 2024; Ren Y et al., 2024),
drone collaboration (Jia et al., 2023; Nian et al.,
2024; Wang BL et al., 2024), smart cities (Wu T
et al., 2020; Qiao et al., 2024), smart grids (Xu X
et al., 2020; Wang JH et al., 2021a; Gou et al., 2022),
and robotic cooperation (Chen HB et al., 2023; Gu
et al., 2023).

The reward function is a fundamental compo-
nent of MARL, which guides agents to learn how
to make optimal decisions within an environment
by defining and providing a feedback mechanism
(Icarte et al., 2022). The reward function oper-
ates by assessing the outcomes of agents’ actions and
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determining the appropriate rewards or penalties to
be assigned. This feedback mechanism directly influ-
ences the agents’ behavioral strategies, as they learn
to prioritize actions that yield higher rewards and
avoid those that lead to penalties. In the domain
of multiagent systems (MASs), crafting an appro-
priate reward structure is paramount, as it necessi-
tates judicious reward allocation among individual
agents and collective entities within the team. This
is done to foster various interactive dynamics, such
as cooperation or competition, and to guarantee the
alignment of agent objectives toward the attainment
of shared goals (Shou and Di, 2020). A meticu-
lously formulated reward function is instrumental in
augmenting the efficiency of collective learning pro-
cesses, optimizing synergistic collaboration among
agents, and equipping the agents with the capacity
for adaptation and proficiency in environments char-
acterized by their complexity and dynamism.

The optimization of cooperative objectives plays
a crucial role within the framework of MARL, as it
integrates and optimizes individual reward signals,
providing a quantified optimization criterion for the
adjustment of agent strategies. By aiming for the
maximization of long-term cumulative rewards, it
guides agents to search for the optimal sequence of
actions within the strategy space and ensures the
alignment of the agents’ decision-making processes
with collective goals (Yang NK et al., 2023). This op-
timization not only reinforces the goal-directedness
of agents but also promotes efficient collaboration
and the development of adaptability within MASs.

The reward structure maintains a complemen-
tary and synergistic relationship with the objective
function, in which the reward structure forms the
cornerstone of cooperative goal optimization, pro-
viding immediate and micro-level guidance for the
behavior of agents. Complementarily, the coopera-
tive goals establish the direction of the agents’ learn-
ing process at the macro level, ensuring the con-
sistency of the agents’ behavioral learning strate-
gies with the overall goals of the system (Rădulescu
et al., 2020). This bidirectional interaction not only
optimizes the performance of individual agents but
also promotes collaboration among agents, providing
momentum and direction for the emergence of col-
lective intelligence and the harmonious operation of
MASs. Therefore, considering the importance of re-
ward function design and cooperative goal optimiza-

tion in MARL, this paper provides a comprehen-
sive review of the current research status in related
fields. We systematically summarize the represen-
tative works in the domains of reward shaping and
cooperative goal optimization, analyzing the char-
acteristics, advantages, and limitations of different
methods.

Some review work has been conducted on
MARL, encompassing aspects such as MAS (Wang
JR et al., 2022), cooperative MARL (Oroojlooy
and Hajinezhad, 2023; Zhao LY et al., 2023),
MARL based on transfer learning, communication-
based MARL (Khan R et al., 2023), causality-based
MARL, as well as game-theory-based RL. Addition-
ally, some reviews address specific challenges, such
as dealing with nonstationarity (Papoudakis et al.,
2019), achieving the exploration–exploitation trade-
off (Hao JY et al., 2024), or addressing issues of
scalability in MARL (Yuan WL et al., 2024).

Although there has been extensive research in
the field of MARL, a systematic review of the meth-
ods and progress in reward structure design and
cooperative goal optimization in fully cooperative
scenarios has not yet been conducted. Consider-
ing the core role of reward structures and cooper-
ative goal optimization in promoting effective co-
operation among agents, this paper aims to com-
prehensively review the key concepts and latest re-
search achievements in this domain. We hope to pro-
vide researchers with a panoramic reference through
this article, to foster a deeper understanding of re-
wards and optimization strategies in fully coopera-
tive MASs, and to encourage further development of
related technologies.

The structure of this review is presented in
Fig. 1. Section 2 delves into the fundamental the-
ories of MARL, including Markov decision processes
(MDPs), partially observable MDPs (POMDPs), de-
centralized POMDPs, a centralized training with
decentralized execution paradigm, and game the-
ory under imperfect information. Section 3 elabo-
rates on the design principles and practices of re-
ward structures, focusing on the stimulation of in-
trinsic motivations, reshaping of reward functions,
and distribution mechanisms for team-level rewards,
and introduces related research methods. Section
4 turns to how to optimize cooperative goals, dis-
cussing in detail the applications of trust region
methods, communication mechanisms, and analysis
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Fig. 1 Overall structure of the review

and optimization strategies of cooperative compati-
bility in the optimization of cooperative goals. Sec-
tion 5 reviews various applications of MARL in fully
cooperative scenarios and discusses recent progress
in this field. Section 6 sorts out and comments on
the mainstream simulation environments. Section 7
concludes the paper and provides a forward-looking
outlook on future research directions, hoping to at-
tract more research interest and guide future work.

2 Multiagent reinforcement learning

2.1 Markov decision process

The classic definition of an MDP (White
and White, 1989) was given by a five-tuple
(S,A,P ,R, γ), which can be formally defined as
follows: S is a finite set of states, representing all
possible configurations that the environment can be
in. A is a finite set of actions available to the
agent. P is the state transition probability function,
P(st+1|st, at), which gives the probability of moving
to state st+1 from state st after taking action at. R
is the reward function, R(st, at, st+1), which defines
the immediate reward received after taking action
at in state st and landing in state st+1. γ is the dis-
count factor, γ ∈ [0, 1), used to weigh the importance
of future rewards compared to immediate rewards.

In this framework, an agent interacts with the

environment in a sequence of discrete timesteps. At
each timestep t, the agent perceives the current state
st of the environment. Based on the current state
and its policy π, which is a function mapping states
to actions, the agent selects an action at. After ex-
ecuting this action, the environment transitions to a
new state st+1 according to the transition probabili-
ties P(st+1|st, at). The agent receives a reward rt+1

as defined by the reward function R(st, at, st+1). If
the agent is learning, it updates its policy based on
the received reward and the newly observed state.

In RL (Andrew, 1999), the objective of an agent
in an MDP is generally to maximize the expected
sum of discounted rewards over time. This objective
is often formalized as the return, which is the cumu-
lative reward received over the course of an episode
or interaction with the environment:

Gt =

∞∑
k=0

γkR(st+k, at+k, st+k+1), (1)

where Gt is the total discounted reward from
timestep t, and γ is the discount factor that bal-
ances the importance of immediate and future re-
wards. The goal is to find a policy π∗ that maximizes
the expected return from each state over all possible
policies. To assess the quality of a policy π, value
functions are used. The state-value function, V π(s),
represents the expected return when starting in state
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s and following policy π thereafter:

V π(s) = E[Gt|St = s]. (2)

The action-value function, also known as the
Q-function, Qπ(s, a), represents the expected return
after taking an action a in state s under policy π:

Qπ(s, a) = E[Gt|St = s,At = a]. (3)

In Q-learning, an off-policy algorithm, the agent
learns an approximation of the action-value function,
which is independent of the policy being followed.
The Q-learning algorithm updates the Q-values us-
ing the Bellman equation as follows:

Q(st, at) ← Q(st, at) + α[Rt+1

+ γmax
a

Q(st+1, a)−Q(st, at)],
(4)

where α is the learning rate. Temporal difference
(TD) learning algorithms (Sutton, 1988) are a fam-
ily of model-free RL methods that learn directly from
raw experience without a model of the environment’s
dynamics. TD methods are based on the idea that
the estimate of the value function at one timestep can
be updated towards the estimate of the value func-
tion at the next timestep. The simplest TD method,
TD(0), updates the value function estimate V (st) for
the non-terminal states as follows:

V (st) ← V (st)+α[R(st+1)+γV (st+1)−V (st)], (5)

where R(st+1) is the reward received after tran-
sitioning to the next state st+1. The TD error,
R(st+1)+γV (st+1)−V (st), represents the difference
between the estimated value of the current state and
the better estimate provided by the subsequent state
and reward. TD learning can be used to update Q-
values in a similar fashion, leading to algorithms like
SARSA (state–action–reward–state–action) (Singh
et al., 2000), where the update is done using the
action actually taken, as opposed to the maximum
over possible actions used in Q-learning. Theoret-
ically, given the Bellman optimal operator B∗, the
solution process of the Q-value function can be de-
fined as

(B∗Q)(s, a)

=
∑
s′

P(s′|s, a)
[
R(s, a) + γmax

a′∈A
Q(s′, a′)

]
,

(6)

where P(s′|s, a) is the transition probability from
state s to state s′ under action a, and R(s, a) is the

reward function. To establish the optimal Q-value
function, the Q-learning algorithm uses the fixed
point iteration of the Bellman equation to solve the
Q-value function:

Q∗(s, a) = (B∗Q∗)(s, a), (7)

which has a unique solution. In practice, when the
environment model is unknown, the state and ac-
tion spaces are discrete, and all actions can be re-
peatedly sampled in all states, the above Q-learning
method can be guaranteed to converge to the optimal
solution.

Policy gradient methods are a class of RL al-
gorithms that directly adjust the parameters of the
policy based on the gradient of the expected reward
with respect to the policy parameters. Unlike value-
based methods, which first learn a value function and
derive a policy from it, policy gradient methods di-
rectly parameterize the policy and update the policy
parameters θ by ascending on the expected reward.
The objective function J(θ) for policy parameters θ
is typically the expected cumulative reward, and the
gradient of this objective with respect to θ is

∇θJ(θ) = E

[ ∞∑
t=0

γtR(st, at, st+1)∇θlnπθ(at|st)
]
.

(8)
However, the gradient will be subject to the un-

known effects of policy changes on the state distribu-
tion. Therefore, researchers derived a solution that
does not involve state distribution based on the pol-
icy gradient theorem:

∇θV
πθ (s)

= Es∼μπθ (·),a∼πθ(·|s) [∇θlnπθ(a|s) ·Qπθ(s, a)] ,
(9)

where μπθ is the occupancy measure of policy πθ,
and ∇θlnπθ(a|s) is the update score evaluation of
the policy. When the policy is deterministic and the
action space is continuous, we can further obtain the
deterministic policy gradient (DPG) theorem:

∇θV
πθ(s)

= Es∼μπθ (·) [∇θπθ(a|s) · ∇aQ
πθ(s, a)|a = πθ(s)] .

(10)

2.2 Partially observable MDP

A partially observable Markov decision process
(POMDP) (Bernstein et al., 2002) is an extension of
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the classic MDP (White and White, 1989) frame-
work to multiagent environments, where multiple
agents operate independently and simultaneously,
with partial observability of the global state. De-
centralized MDPs (Dec-MDPs) constitute a formal
framework for modeling decision-making in cooper-
ative MASs. Dec-MDP can be defined by the tu-
ple (S, {Ai}i∈N ,R, T , γ), where N = {1, 2, ..., n}
is the set of agents indexed by i. S is the set
of states of the environment. Ai is the set of ac-
tions available to agent i. The joint action space
for all agents is given by the Cartesian product
A = A1 × A2 × . . . × An. R : S × A → R is the
reward function, indicating the immediate reward
received by the agents for performing a joint action
in a given state. T : S × A × S → [0, 1] is the
state transition probability function, which defines
the probability of transitioning from one state to an-
other state given the joint action of all agents. γ is
the discount factor, representing the difference in im-
portance between future and present rewards, with
0 ≤ γ < 1.

At each timestep t, the agents are in a state
st ∈ S. Based on their local observations, which
may be a partial view of st, each agent i ∈ N se-
lects an action ai ∈ Ai according to its policy πi,
which maps its observations to actions. The collec-
tive actions of all agents ait = {a1t , a2t , ..., ant } form
a joint action that affects the environment. The
state transitions to st+1 with the probability given by
the transition function T (st+1|st, at). Concurrently,
each agent receives a reward rit based on the reward
function Ri(st, at). This interaction pattern contin-
ues over the course of the decision-making horizon,
creating a trajectory of states and actions that are
evaluated for their expected cumulative reward.

In Dec-MDPs, we define several value functions
to evaluate the potential of states and actions.

State-value function V π
i (s): The value of a state

s for an agent i under a joint policy π is the expected
return starting from s and following π thereafter.

V π
i (s) = Eπ

[ ∞∑
k=0

γkRi,t+k | St = s

]
. (11)

Action-value function Qπ
i (s, a): The value of

taking an action a in state s for agent i under a
joint policy π is the expected return starting from s,

taking action a and following π thereafter.

Qπ
i (s, a) = Eπ

[ ∞∑
k=0

γkRi,t+k | St = s,Ai,t = a

]
.

(12)
Advantage function Aπ

i (s, a): For agent i this
function measures how much better it is to take ac-
tion a rather than other possible actions in state s

under a joint policy π. It is defined as the difference
between the action-value and the state-value.

Aπ
i (s, a) = Qπ

i (s, a)− V π
i (s). (13)

Each agent aims to maximize its expected cu-
mulative reward over time. This is done often by
finding—for each agent—an optimal policy π∗

i that
maximizes the expected return.

In a multiagent environment, the actions of each
agent not only affect their own return but may also
affect those of other agents. Thus, defining a state–
action value function that accounts for the actions of
all agents is beneficial. For an ordered subset i1:m,
the multiagent state-action value function Qi1:m

π is
defined as follows:

Qi1:m
π

(
s, ai1:m

)
� Ea−i1:m∼π−i1:m

[
Qπ

(
s, ai1:m , a−i1:m

)]
,

(14)

where s denotes the environmental state, ai1:m is the
vector of actions for agents in the subset i1:m, m is
the index of the agent that makes a decision, a−i1:m is
the vector of actions for agents in the complementary
set, π represents the joint policy of all agents, and Qπ

denotes the overall state-action value function under
the joint policy π.

Furthermore, to analyze the interactions among
different sets of agents, we can define the multi-
agent advantage function Ai1:m

π . Assuming that we
have two disjoint sets of agents j1:k and i1:m, the
multiagent advantage function is defined as follows:

Ai1:m
π

(
s, aj1:k , ai1:m

)
� Qj1:k,i1:m

π

(
s, aj1:k , ai1:m

)
−Qj1:k

π

(
s, aj1:k

)
,

(15)

where Ai1:m
π represents the additional value that the

actions ai1:m of the subset i1:m contribute, given the
actions aj1:k of the subset j1:k, in state s over what is
expected. This helps us understand how the strate-
gies of different sets of agents influence the overall
state–action value function in an MAS.
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2.3 Decentralized POMDP

Dec-POMDP is a powerful framework for mod-
eling MARL in fully cooperative scenarios. As an
extension and generalization of the classic POMDP,
Dec-POMDP provides a formal structure to capture
the complex interactions and decision-making pro-
cesses among multiple agents in partially observable
environments. Dec-POMDP is defined by the tuple
(I,S,A, T ,R, Ω,O, γ), where each component plays
a crucial role in describing the MAS.

The set of agents participating in the decision-
making process is denoted by I. Each agent i ∈ I
has its own local observation space Ωi and action
space Ai. The global state space S represents the
set of all possible states of the system, encompass-
ing the complete information about the environment
and the states of all agents. The joint action space
A =

∏
iAi is the Cartesian product of the individual

action spaces, where a joint action a ∈ A is a vector
of actions taken by each agent in the set I.

The transition function T (s, a, s′) : S × A →
δ(S) is a probability distribution that governs the
system’s dynamics, specifying the probability of
transitioning to the next state s′ given the current
state s and the joint action a. Here, δ(S) denotes the
set of probability distributions over the state space S.
The joint observation space Ω =

∏
iΩi is the Carte-

sian product of the individual observation spaces,
where each agent i receives an observation oi ∈ Ωi

at each timestep according to the joint observation
probability O(o, s′, a) = P(o|s′, a). This probabil-
ity distribution specifies the likelihood of observing
o given the next state s′ and the joint action a.

The reward function R(st, at) determines the
joint reward rt received by the agents at each
timestep t, based on the current state st and the
joint action at.

In Dec-POMDP, each agent i maintains a lo-
cal observation history oit = {oi1, oi2, ..., oin}, where
oit ∈ Ω̃i

t represents the sequence of observations re-
ceived by agent i up to timestep t. Based on this local
observation history, each agent follows a local policy
πi(a

i|oi), which is a probability distribution over ac-
tions, specifying the likelihood of agent i choosing
action ai given its observation history oi.

Dec-POMDP provides a rich and expressive
framework for modeling and solving MARL prob-
lems in fully cooperative scenarios. By capturing the

partial observability, decentralized decision-making,
and joint rewards, Dec-POMDP enables the design
and analysis of algorithms that can effectively co-
ordinate the actions of multiple agents to achieve
common goals.

2.4 Centralized training with distributed
execution

MARL has emerged as a powerful framework
for tackling complex environments and tasks that
require the coordination and cooperation of multi-
ple agents to achieve a common goal. The choice
of training paradigm plays a crucial role in the de-
sign and implementation of MARL algorithms, as
it determines the level of centralization and decen-
tralization in the training and execution processes.
This subsection delves into the three main training
paradigms in MARL: centralized training with cen-
tralized execution (CTCE), decentralized training
with decentralized execution (DTDE), and central-
ized training with decentralized execution (CTDE).
We explore the characteristics of each paradigm, pro-
viding insights into their suitability for different mul-
tiagent learning problems.

CTCE is a fully centralized MARL paradigm
that addresses the coordination problem among mul-
tiple agents by introducing a centralized controller.
In both the training and execution phases, this cen-
tralized controller possesses complete information,
including the states, observations, and rewards of
all agents. It is responsible for learning a central-
ized joint policy π, which maps the joint states of all
agents to the joint action space and guides the action
selection of the agents during the execution phase.

DTDE is a fully distributed MARL paradigm.
The main idea is that during both the training and
execution phases, each agent operates completely in-
dependently, with no coordination or communica-
tion. Each agent i has its own independent policy
πi, which maps local observations oi to action space
Ai. Throughout the training and execution phases,
agents rely entirely on their own local information
for learning and decision-making, without any com-
munication or information exchange.

As shown in Fig. 2, CTDE is a training
paradigm that allows for information exchange and
communication among agents during the train-
ing phase, thereby enabling them to gain addi-
tional information to learn better strategies. This
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Fig. 2 Centralized training with decentralized exe-
cution: during training, agents collaboratively learn
with access to global state information using a central-
ized method; during execution, agents independently
make decisions using only their local information

information exchange can involve the sharing of ob-
servations, actions, rewards, and other types of infor-
mation. By sharing information, agents can better
understand the environment and the actions of other
agents and adjust their strategies accordingly. The
CTDE approach consists of two key components:

1. Centralized training. During the training
phase, a central entity has access to the full state
of the environment as well as the actions and ob-
servations of all agents. This central entity can be
a computational process that aggregates and pro-
cesses the global information to guide the learning of
each agent. Centralized training allows for the use
of global state information to perform credit assign-
ment more accurately, as the impact of each agent’s
actions on the global outcome can be better assessed.

2. Decentralized execution. Once trained, the
agents execute their learned policies independently,
without access to the global state or the actions of
other agents. Each agent’s policy is conditioned
solely on its local observation history, making the
execution feasible in environments where communi-
cation constraints or privacy concerns preclude the
sharing of global information.

2.5 Imperfect information games

In the realm of RL, autonomous agents itera-
tively refine their behavioral policies by embarking
on exploratory actions and assimilating the conse-
quential reward signals emitted by the environment.
This iterative learning paradigm draws its theoret-
ical underpinnings from the framework of MDPs,
wherein the decision-making process of an agent is
predicated exclusively upon the immediate state of
the environment, disregarding historical states or fu-

ture considerations. Nonetheless, the complexity
of the real world frequently encompasses scenarios
wherein multiple agents coexist and interact, neces-
sitating collective decision-making. An agent’s ac-
tion within such an MAS not only influences its own
reward prospects but also affects the reward dynam-
ics and strategic selections of its peers, thereby en-
gendering a situation reminiscent of game-theoretical
constructs. In this context, game theory burgeons as
an indispensable analytical tool, providing the nec-
essary conceptual apparatus to dissect and under-
stand the strategic interplays within MASs. Partic-
ularly, in fully cooperative scenarios, wherein agents
strive toward a common goal, the orchestration of
reward structures and the optimization of collabora-
tive strategies are of paramount importance.

In cooperative MASs, the most common resolu-
tion is to achieve a Nash equilibrium. Nash equilib-
rium refers to a joint strategy πNE ∈ Π , in which no
agent can unilaterally increase the joint reward.

Imperfect information games are an important
branch of game theory, relaxing the assumption of
perfect information in traditional game models and
allowing players to face incomplete information dur-
ing the game. To address this situation, the Bayesian
game model (Harsanyi, 1967) takes into account the
types of players and their prior distributions, allow-
ing players to infer the distribution of other players’
types based on their own type. An n-person Bayesian
game can be represented as a quintuple (Gibbons,
1992):

Gb = (N, {Ai}i∈N , {Θi}i∈N , {ρi}i∈N , {γi}i∈N ),

(16)
where N is the set of players, Ai is the set of actions
for player i, Θi is the set of types for player i, ρi is
the prior distribution of player i over the types of the
other players, and γi is the payoff function for player
i, which depends on the type.

3 Design of the reward function under
a cooperative framework

In addressing complex real-world challenges, es-
pecially those necessitating coordination and coop-
eration among autonomous entities, full MASs have
emerged as a pivotal area of research.

In this section, we scrutinize the extant research
on reward structure design within a cooperative mul-
tiagent context. We commence with an examination
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of the foundational tenets of reward design and their
ramifications for agent behavior. Furthermore, we
scrutinize the intricacies of reward shaping in fos-
tering effective cooperation, addressing issues such
as the credit assignment problem, the alignment of
incentives, and the nuances of reward modification.

3.1 Intrinsic motivation exploration

In the human brain, dopamine is a neurotrans-
mitter that plays a significant role in the reward pro-
cess. The release of dopamine is associated with
stimuli and behaviors related to rewards. When we
experience a sense of reward, dopamine neurons re-
lease dopamine, providing a positive feedback signal
to our brain, which increases the likelihood of related
behaviors. In MARL, reward signals are analogous
to the release of dopamine in the human brain (Dab-
ney et al., 2020). When an agent takes an action and
obtains a positive outcome in the environment, it re-
ceives a reward signal. This reward signal can be a
numerical value indicating the quality of the action,
or it can be a more complex signal.

Intrinsic motivation exploration (IMOE) (Singh
et al., 2004; Yang Z et al., 2022) is an RL explo-
ration strategy inspired by the concept of intrinsic
motivation in humans and animals. Its purpose is
to encourage agents to explore the environment and
learn new skills or acquire knowledge without rely-
ing on external rewards. In traditional RL, agents
are driven to choose strategies by maximizing the
external rewards provided by a predefined reward
function. In IMOE, agents are driven by intrinsic
curiosity or interest, which enables them to explore
the environment and learn from it in the absence of
external rewards. The connection between IMOE
and RL algorithms such as TD (Sutton, 1984) lies
in the balance between exploration and exploitation.
TD algorithms maximize cumulative rewards based
on predictions and estimates of future rewards, driv-
ing the learning process by updating value estimates
through reward prediction errors. IMOE uses intrin-
sic motivation signals to guide exploration, encour-
aging agents to actively seek out novel or uncertain
states and learn from them.

Compared to traditional noise-driven explo-
ration methods (Mai et al., 2022; Wang SY et al.,
2022), IMOE does not rely on external environmen-
tal rewards but uses the agent’s intrinsic motivation
and curiosity to drive exploration. The key idea is to

define an intrinsic reward function that measures the
novelty and uncertainty of the current state for the
agent. The agent explores new states based on this
intrinsic reward function with the goal of maximizing
intrinsic rewards, rather than external environmen-
tal rewards. Table 1 summarizes commonly used
intrinsic motivation reward design methods.

Cooperative multiagent exploration (CMAE)
(Liu IJ et al., 2021) does not rely on traditional
noise-driven exploration but instead defines explicit
shared target states, encouraging agents to coordi-
nate their exploration efforts to achieve this goal.
The target states are not randomly selected from
the complete state space but are chosen from a pre-
defined lower-dimensional constrained state space,
gradually expanding the exploration range to higher-
dimensional state spaces. Zhang HC et al. (2023)
trained the macro strategy controller (MaSC) net-
work using heat maps based on successful experi-
ences, while using the Manhattan distance as an
intrinsic reward to encourage agents to guide mi-
cro strategies with macro strategies to achieve more
complex cooperative behaviors.

Defining the intrinsic reward function is a key
challenge faced by IMOE methods. The most di-
rect method is to measure the novelty of the global
observation information relative to historical obser-
vation states (Wang L et al., 2022). However, when
the number of agents increases, the state space grows
exponentially, making it very inefficient to find novel
global observation information. If the approach is
changed to measure the novelty of local observation
information during decentralized execution, it im-
proves scalability. However, due to partial observ-
ability, it cannot guide agents to cooperate. The
multiagent with subgoals generated from experience
replay (MASER) method (Jeon J et al., 2022) gener-
ates subgoals within the experience replay buffer by
both individual Q-values of agents and the global Q-
value. A separate intrinsic reward function is gener-
ated for each subgoal, guiding agents to explore opti-
mal strategies to achieve their own subgoals, thereby
maximizing the value of joint actions.

The learnable intrinsic reward generation selec-
tion (LIGS) framework (Mguni et al., 2022) includes
an intrinsic reward generator that adopts a switch-
ing control mechanism. Based on the states and
joint action history of all agents, it can quickly iden-
tify key states and assign intrinsic rewards to these
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Table 1 Categorization of intrinsic motivation exploration methods

Foundation Algorithm type Main principle
Representative

references

Counting

Density-based
pseudo-count

A density model measures visitation, while a pseudo-
count evaluates novelty. Agents receive exploration
rewards based on pseudo-counts, encouraging visits
to less-explored states.

Bellemare et al., 2016;
Ostrovski et al., 2017

Indirect
pseudo-count

State novelty is gauged by the mismatch between
observed states and the model’s predictions, not
by counting visits.

Fox L et al., 2018;
Machado et al., 2020

State abstraction
Agents generalize similar states, applying visitation

counts to these abstractions rather than to the raw
states.

Tang et al., 2017;
Choi et al., 2019

Predictive
model

Prediction error
High prediction error indicates a knowledge gap, driv-

ing further exploration.
Jiang H et al., 2022;

Zhang HC et al., 2023

Prediction
outcome

discrepancy

Agents leverage prediction discrepancies to guide ex-
ploration, with significant variance highlighting un-
certain regions that warrant focused investigation.

Pathak et al., 2019;
Ratzlaff et al., 2020

Improvement of
prediction
accuracy

Agents adjust to outcome differences to enhance
their models, reduce errors, and gradually increase
precision.

Lopes et al., 2012;
Graves et al., 2017

Information
theory

Information gain
Agents pursue actions that maximize information

gain, leveraging uncertainty to drive exploration and
refine decision-making.

Zheng LL et al., 2021;
Hairi et al., 2022

Maximum entropy
Agents seek variety and high rewards, balancing ex-

ploration with exploitation to prevent settling on
suboptimal strategies.

Hu et al., 2022;
Liu BY et al., 2023;

Xu P et al., 2023

Mutual
information

Agents leverage mutual information to inform actions
that reveal more about the environment or peers,
improving learning and collective decisions.

Eysenbach et al., 2019;
Sharma et al., 2020

states. The goal of the generator is to maximize
the joint external return of the agents, which can
guide the agents toward learning coordinated and
optimal joint strategies. Hu et al. (2022) proposed a
reward estimator for multiple action branches, mod-
eling the reward distribution for all action branches
of each agent to reduce the impact of reward un-
certainty. Samples are taken from the reward dis-
tributions of different action branches according to
the selection probabilities under the current policy.
Then, a policy-weighted reward aggregation method
is used to weigh and aggregate the environmental re-
wards and the sampled rewards to obtain a stable
training signal. Episodic MARL driven by curiosity
(EMC) (Zheng LL et al., 2021) uses the prediction
error of the decomposed individual-agent Q-values
as an intrinsic reward to drive collaborative explo-
ration and uses episodic memory to accelerate strat-
egy learning. The intrinsic reward rint of EMC is as

follows:

rint =
1

N

N∑
i=1

||Q̃i(τi, ·)−Qext
i (τi, ·)||2, (17)

whereN is the number of agents, Q̃i(τi, ·) denotes the
predicted Q-value function for agent i based on its
trajectory τi and current model estimates, Qext

i (τi, ·)
represents the extrinsic Q-value for agent i derived
from the actual environmental rewards.

To construct episodic memory, a multiagent sys-
tem stores sequences of global states with high re-
turns and provides memory target H as reference.
The joint training objective for the inference module
is as follows:⎧⎨⎩

Ltotal = Linference + λLmemory,

Linference = E(s,a,r,s′)∼D[(y(s, a)−Qtot(s, a; θ))
2],

Lmemory = E(s,a,r,s′)∼D[(H −Qtot(s, a; θ))
2],

(18)
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where H represents the memory target provided by
episodic memory, θ represents the parameters of the
inference module, Ltotal is the total loss, Linference is
the inference loss measuring the difference between
predicted and target Q-values, Lmemory is the mem-
ory loss measuring the difference between predicted
Q-values and memory target H , and λ ∈ (0, 1) is a
weight parameter.

In multiagent tasks, the reward function usually
depends only on a subspace of the state space as a
structural prior knowledge. For subspace-aware mul-
tiagent exploration (SAME) (Xu P et al., 2023), a
new entropy exploration objective function J(π) was
proposed that encourages exploration in subspaces
of the state space. This objective function assigns
greater weights to subspaces with higher uncertainty,
thus encouraging agents to explore these subspaces
further. However, direct optimization of J(π) is com-
putationally challenging, so SAME provides an al-
gorithm with lower computational complexity that
promotes exploration by improving a lower bound of
J(π). Since it needs only to consider one-dimensional
subspaces for each dimension, rather than dealing
with high-dimensional subspaces, the computational
burden is reduced. Lazy agent avoidance through
influencing external states (LAIES) (Liu BY et al.,
2023) starts from the perspective of lazy agents and
analyzes the problems in MARL under sparse re-
ward settings, where agents may not actively partic-
ipate in team cooperation or the strategies learned
by them may contribute little to the overall system
performance. LAIES divides the state into internal
and external states and establishes a causal relation-
ship graph between agents and the environment. It
defines lazy agents and lazy teams mathematically.
Two intrinsic reward incentive mechanisms were pro-
posed, including individual diligence intrinsic (IDI)
and cooperative diligence intrinsic (CDI), which en-
courage both the individuals and the team as a whole
to influence the external environment.

Ineffective exploration methods not only reduce
the learning efficiency of agents but also prevent
them from learning optimal strategies. In single-
agent environments, this can be addressed by meth-
ods such as increasing the exploration rate (Belle-
mare et al., 2016; Haarnoja et al., 2018; Zheng LL
et al., 2021; Hao JY et al., 2024), but these methods
cannot be directly applied in MARL tasks. MAVEN
(Mahajan et al., 2019) is an improvement over QMIX

(Rashid et al., 2018), addressing the issue that QMIX
is unable to explore effectively due to its monotonic-
ity constraint. MAVEN introduces a hierarchical
control of the latent space, whereby once the latent
variable is determined, each joint action-value func-
tion can be considered as a joint exploration behavior
pattern that persists in the entire episode. Further-
more, MAVEN learns a series of diverse behaviors
by maximizing the mutual information between tra-
jectories (sequences of observations and actions) and
latent variables, allowing MAVEN to achieve explo-
ration while adhering to constraints.

Chen E et al. (2022) argued that when agents
seek intrinsic rewards and engage in unnecessary ex-
ploration, performance can decline even when suffi-
cient task rewards are available. They proposed a
principled constrained policy optimization method
that can automatically adjust the importance of in-
trinsic rewards, suppressing intrinsic rewards when
exploration is not needed and increasing them when
exploration is necessary. This allows for a balance
between intrinsic and task-based rewards without
the need for manual tuning.

While intrinsic motivation provides a powerful
mechanism for encouraging agent exploration, it is
often necessary to complement this with carefully
designed extrinsic rewards. This brings us to the
topic of reward function reshaping, which aims to
modify the external reward signals to guide agents
toward desired behaviors more effectively.

3.2 Reward function reshaping

Reward reshaping involves adjusting the reward
signals received by agents to encourage them to take
actions that are more conducive to collective goals.
By carefully designing the reward function, agents of
various forms can be encouraged to adopt comple-
mentary behaviors, thus achieving a higher level of
collaboration. For example, if the actions of an indi-
vidual agent have a positive impact on other agents,
that action can receive additional rewards. This ap-
proach helps overcome the myopia and selfish behav-
ior that individual agents may face, guiding them
toward more coordinated and collectively optimized
behavior patterns. Therefore, reward reshaping be-
comes a key means of harmonizing individual and
collective interests to promote robust cooperation.
Commonly used reward reshaping methods are sum-
marized in Table 2.
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Table 2 Summary of reward shaping methods

Method Principle Drawback Reference(s)

Potential-based
reward shaping

Adding an additional reward in addition to
the standard reinforcement learning reward
signal, based on the difference of a potential
function that scores states

Difficult to design; po-
tential for local optima;
dependent on domain
knowledge

Ng et al., 1999;
Wiewiora,

2003; Badnava
et al., 2023

Roadmap of
potential-based
reward shaping

Introducing the difference in state potential
value as an additional reward to accelerate
agent learning without changing the original
optimal policy

Difficult to design; po-
tential for local op-
tima; reliant on accurate
estimation of potential
differences

Wiewiora
et al., 2003;
Devlin and

Kudenko, 2012

From reward functions
to dynamic potentials

Adjusting rewards using a variable potential
function to adapt to changes in the environ-
ment and agent behavior for more effective
learning

Difficult to design; high
computational complex-
ity; difficult to adjust

Harutyunyan
et al., 2015

Relative entropy
inverse reinforcement

learning

Inferring a reward function that motivates
agent behavior by minimizing the relative
entropy between expert behavior and agent
policy

High computational com-
plexity; low sample effi-
ciency; potential for local
optima

Suay et al.,
2016; Wang

YX et al., 2023

Reward shaping via
meta-learning

Learning to infer and adapt reward shaping
functions via meta-learning to improve agent
learning efficiency and generalizability

High training complex-
ity; poor transfer perfor-
mance; difficult to tune

Zou et al.,
2019; Li K
et al., 2021

The learning to share (LToS) framework pro-
posed by Yi et al. (2022) enables agents to share
rewards with their neighboring agents to encourage
cooperation through collective actions toward
achieving global goals. For each agent, a high-level
strategy learns how to share rewards with neigh-
bors to decompose the global goal, while a low-level
strategy learns how to optimize the subgoals decom-
posed by the high-level strategy. Xiao BC et al.
(2022) used an attention mechanism named AREL
(agent-temporal attention for reward redistribution
in episodic MARL) to redistribute rewards to gen-
erate denser signals. During each training itera-
tion, sampling is performed from the buffer, and the
agent attention module is used to measure the im-
portance of the strategy taken by each agent in the
current state. Then, the temporal attention module
is used to represent the importance of the current
state throughout the episode. By combining agent
attention and temporal attention, it is possible to
model the relationships between agents and between
timesteps simultaneously, evaluating the quality of
the actions taken by agents in the current state.
Agent time attention (ATA) (She et al., 2022) re-
distributes sparse, delayed global team rewards to

each agent and each timestep through an additional
loss. The redistributed dense reward signals can help
agents learn better strategies. ATA uses a Trans-
former encoder to integrate the state and action in-
formation of each agent, and a Transformer decoder
to redistribute the global rewards. By explicitly
learning how to redistribute global rewards to in-
dividuals and timesteps, it enhances the ability of
the MAS to handle complex planning problems.

In complex multiagent collaborative environ-
ments, accurately assessing each agent’s contribu-
tion and providing appropriate rewards are difficult.
Attention individual intrinsic reward mixing (AIIR-
MIX) (Li W et al., 2023) designs a nonlinear mixing
network that dynamically combines intrinsic rewards
and environmental rewards into a global reward for
each agent. An attention mechanism is used to gen-
erate more refined and dynamic intrinsic rewards for
each agent, to more accurately reflect each agent’s
contribution. In AIRMN (Li W et al., 2024), a new
intrinsic reward network is designed based on the
attention mechanism, which combines intrinsic and
extrinsic rewards in a nonlinear and dynamic way.
It enables the total reward to adapt to changes in
the environment, and dynamically returns precise
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intrinsic rewards to each agent, thus better address-
ing the credit assignment problem.

Many existing MARL algorithms assume shared
joint observations and actions among agents, which
is often not viable in practice. Although the
objective function introduces a hyperparameter γ ∈
[0, 1) as a discount factor to account for the diminish-
ing value of future rewards, it may not be suitable for
tasks sensitive to long-term average rewards. Con-
sidering this aspect, Hairi et al. (2022) considered
an average reward setting in MARL and under the
premise of partially observable environments, pro-
posed a consensus-based batch sampling actor–critic
algorithm. Agents update their policies by averag-
ing the TD errors across the same batch of samples.
ElSayed-Aly and Feng (2022) provided a flexible and
automated framework for reward shaping based on
logic, which can transform task specifications into
corresponding reward functions. They expressed
task specifications using linear temporal logic (LTL)
and synthesized limit-deterministic Büchi automata
(LDBA) to monitor the progress of the agents’ tasks.
When an observed label violates the LDBA speci-
fication, the automaton transitions to a trap state
and issues a significant negative reward; when an
observed label conforms to the specification, a pos-
itive reward is given. All agents receive the same
reward based on the LDBA state to guide them in
coordinating the completion of the task.

Reward function reshaping offers a way to re-
fine individual agent incentives, but in cooperative
multiagent settings, we must also consider how re-
wards are distributed across the team. This leads us
to examine team reward allocation methods, which
address the challenge of fairly and effectively dis-
tributing rewards among multiple agents working to-
ward a common goal.

3.3 Team reward allocation—credit assign-
ment

In MARL tasks, researchers tend to adopt a
framework of centralized training with decentralized
execution (Sunehag et al., 2017; Kuba et al., 2022;
Yu et al., 2022) to mitigate the environmental dy-
namics brought about by interactions among agents,
thereby enhancing the stability and performance of
MARL systems. Under this framework, a global
critic network is usually constructed to evaluate the
joint action value. However, the global critic net-

work faces the credit assignment problem. In the
global critic network, the critic receives the joint ob-
servations and joint actions of all agents as input
and outputs a joint action value, representing the
team-level reward. This structure lacks the ability
to differentiate the contributions of individual agents
to the overall team performance. In a multiagent en-
vironment, each agent’s role and contribution vary,
but the global critic network can provide only a com-
posite action value assessment, lacking a precise eval-
uation of each agent’s individual contributions. This
design not only fails to achieve detailed credit as-
signment but also cannot provide accurate learning
feedback to each agent.

To address this issue, recent research often uses
the relationships between agents to decompose team-
level rewards into individual agent rewards (Sunehag
et al., 2017; Rashid et al., 2018; Yang YD et al.,
2020a; Zhang TJ et al., 2020; Han et al., 2022; Kim
et al., 2022; Wang TH et al., 2022). One approach
is to introduce additional functions that marginalize
the influence of individual agent behaviors (Foerster
et al., 2018; Shen SQ et al., 2022; Zohar et al., 2022),
and an alternative is to use attention networks to
reallocate individual rewards (Rashid et al., 2020;
She et al., 2022; Xiao BC et al., 2022; Li W et al.,
2023). Furthermore, to more finely address the credit
assignment problem, some studies have turned to
the use of hierarchical MARL methods (Feng et al.,
2022; Jeon J et al., 2022). In this approach, high-
level policies are responsible for proposing abstract
guiding principles, while low-level policies translate
these principles into specific actions. This multi-
level framework helps allocate credit between differ-
ent decision-making granularities, thereby enhancing
learning efficiency and the quality of the policy. With
such a layered strategy, the system can achieve more
detailed and dynamic credit assignments in com-
plex multiagent environments. These methods im-
prove the accuracy and fairness of team-level reward
distribution, thereby better reflecting the individ-
ual contributions of each agent. By breaking down
team-level rewards into individual-level reward sig-
nals, agents can more accurately understand the im-
pact of their actions on the overall system, enabling
them to better adjust their strategies and improve
collaborative capabilities.

The decomposition of the value function (Sune-
hag et al., 2017; Rashid et al., 2018; Son et al.,
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2019) is a method used for credit assignment in
MARL. In MASs, each agent must make decisions,
but due to the interactions among agents, how to
fairly distribute credit becomes an important issue.
The decomposition of the value function addresses
this by breaking down the global value function into
local value functions for each agent, thus enabling
the distribution of credit. Each agent makes de-
cisions based on its own local value function. In
this way, each agent needs only to focus on its local
value function, without having to consider the global
value function, thereby reducing the complexity of
the problem. Table 3 summarizes some mainstream
value decomposition methods used for solving the
reliability assignment problem.

Counterfactual baselines (Foerster et al., 2018;
Hou et al., 2023; Zhang NM et al., 2023; Qiao et al.,
2024) comprise a method used for credit assignment
in MARL. In MASs, due to the interactions and joint
decision-making among agents, it is difficult to accu-
rately evaluate the contribution of each agent to the
overall system performance. Counterfactual base-

lines modify the strategy of each agent, changing it
to an alternative strategy, and then determine the
difference in outcomes between the actual strategy
and the alternative strategy. Based on the difference
in outcomes, the contribution of each agent is in-
ferred, which allows for a fair distribution of rewards
to agents.

4 Cooperative objective optimization
methods

In MARL environments, a complex array of
decision-making and learning processes is typically
involved, wherein agents must collaborate to op-
timize a shared objective function. To effectively
drive cooperative agent systems toward common
goals, researchers have developed a variety of op-
timization strategies aimed at enhancing collabora-
tive efficiency, strengthening strategy stability, and
ensuring that the final behavioral policies achieve
optimal synergy under varying environmental con-
ditions and task requirements. In this section, we
delve into the latest advancements in cooperative

Table 3 Comparison of value decomposition methods for credit assignment algorithms

Algorithm Key technique Drawback(s)

VDN (Sunehag et al.,
2017)

Summation of linearly decomposed agent val-
ues; parameter sharing among agents

Low efficiency; few game scenarios satisfy lin-
ear decomposition

QMIX (Rashid et al.,
2018)

Using mixing and hypernetwork; independent
global maximum (IGM) hypothesis; mono-
tonicity constraints

The conditions for monotonicity constraints
are too strong; may not converge to the
optimal strategy

WQMIX (Rashid
et al., 2020)

Weighted mapping; feedforward network re-
placing the mixing network; attention
mechanism

High exploration requirements for the
algorithm

QTRAN (Son et al.,
2019)

Self-attention mechanism; introduction of
counterfactual methods

Failing to overcome the drawbacks of VDN
and QMIX; high convergence conditions

Qatten (Yang YD
et al., 2020b)

Multihead fusion network; feedforward net-
work based on the global state

Lacking exploration capability

MAVEN (Mahajan
et al., 2019)

Multihead attention mechanism; variational
exploration

Introducing a hierarchically controlled latent
space; increasing algorithm complexity and
training difficulty

QPLEX (Wang JH
et al., 2021b)

Monotonic value function decomposition; IGM
based on advantage

Anchoring the current Qtot estimate as the
upper bound of the entire function space;
prone to local optima

QPD (Yang YD et al.,
2020c)

Path integral gradient decomposition; multi-
channel critic network

Using integral gradient methods reduces com-
putational efficiency

ROMA (Wang TH
et al., 2020b)

Introducing roles; action clustering; role
adaptation

Role division from the joint state–action space
is extremely inefficient

RODE (Wang TH
et al., 2021)

Introducing roles; action clustering; two-level
hierarchy

Role division and algorithm training cannot
be end-to-end

DAVE (Xu ZW et al.,
2023)

Ignoring IGM hypothesis; anti-self exploration Sensitive to exploration coefficient settings
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objective optimization methods for MASs. First,
we introduce multiagent trust region optimization
strategies, which are designed to balance exploration
and exploitation, and prevent excessive optimiza-
tion during the policy update process. Second, we
highlight the optimization algorithms for communi-
cation among collaborative agents, which provide ef-
fective protocols and structures for information ex-
change between agents, facilitating both knowledge
sharing and decision-making collaboration. Follow-
ing this, we discuss compatibility analysis and opti-
mization methods for cooperative strategies, which
focus on evaluating and adjusting the compatibil-
ity between agent policies to ensure the coordination
and consistency of collective behavior.

4.1 Trust region optimization—policy update
stability

In MARL, each agent constantly learns and ad-
justs its strategy, influencing and interfering with one
another, resulting in a continuously changing overall

system environment. Since the actions and policy
updates of an agent can change the environment for
other agents, the environment that each agent faces
is dynamic, making it difficult to maintain stability
in the learning process, thus leading to the issue of
nonstationarity.

Researchers use trust region methods (Schul-
man et al., 2015; Li WH et al., 2022) to ensure that
agents gradually improve their performance during
the learning process, rather than experiencing degra-
dation or stagnation in performance. This enhances
the stability and reliability of the learning process,
allowing agents to progressively approach the opti-
mal strategy or achieve a predetermined performance
level. Through multiple iterations, agents can grad-
ually optimize their policies and address the issue
of nonstationarity. A summary of methods used for
representing monotonic boundary constraints can be
found in Table 4.

In execution environments where distributed
training is required, independent proximal policy op-
timization (IPPO) (de Witt et al., 2020) has shown

Table 4 Summary of monotonic boundary constraint representation methods

Reference Update
Sample

efficiency
Monotonic bound

Wang XH et al., 2023 Sequential Low 4ε
n∑

i=1
αi

(
1

1−γ
− 1

1−γ(1−αi)

)

Yu et al., 2022 Simultaneous High 4ε
n∑

i=1

αi
1−γ

Wu ZF et al., 2021 Simultaneous High 4ε
n∑

i=1
αi

⎛
⎜⎝ 1

1−γ
− 1

1−γ

(
1−

n∑

j=1
αj

)
⎞
⎟⎠

Kuba et al., 2021 Sequential High 4ε
n∑

i=1
αi

⎛
⎜⎝ 1

1−γ
− 1

1−γ

(
1−

n∑

j=1
αj

)
⎞
⎟⎠

Wang XH et al., 2023 Sequential High
4ε

n∑
i=1

αi

⎛
⎜⎝ 1

1−γ
− 1

1−γ

(
1− ∑

j∈ei∪{i}
αj

)
⎞
⎟⎠

+
n∑

i=1

ξi
1−γ

Fu et al., 2022 Sequential High 4ε
n∑

i=1

αi
1−γ

Zhuang et al., 2023 Simultaneous High 4ε αi
1−γ

Yang TP et al., 2021 Simultaneous High 4ε
n∑

i=1

αi
1−γ

Ye et al., 2023 Sequential High 4ε
n∑

i=1
αi

⎛
⎜⎝ 1

1−γ
− 1

1−γ

(
1−

n∑

j=1
αj

)
⎞
⎟⎠

ε represents the maximum absolute value of the advantage function under specific policies, γ is a discount factor, α is the
maximum total variation distance between the original policy and the updated policy for each agent, and ξi represents the error
compensation term for the ith agent
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impressive performance. Under this framework,
each agent needs only to estimate its local value
function. Despite some theoretical shortcomings
(Rodriguez et al., 2023), IPPO’s performance on the
StarCraft Multi-Agent Challenge (SMAC) environ-
ment (Samvelyan et al., 2019) is comparable to, or
even better than, those of the best strategies. Its
outstanding performance is partly attributed to its
robustness to certain forms of environmental nonsta-
tionarity. However, DTDE methods do not always
converge. To address this issue, Nekoei et al. (2023)
proposed a sequentially updating learning method,
where agents update their policies in sequence, en-
suring that the learning process converges to an op-
timal solution for each agent. In this learning mode,
when an agent updates its policy, all other agents’
policies remain unchanged, thus reducing the nonsta-
tionarity issues that arise from simultaneous policy
updates of other agents. In the action-dependent
deep Q-learning algorithm (ACE) (Li CM et al.,
2023), a serialized update strategy is adopted, sim-
plifying the complex multiagent problem into a more
manageable single-agent decision-making problem.

Yu et al. (2022) provided evidence that trust re-
gion divergence possesses considerable promise for
addressing nonstationarity in RL. The concept of
trust region methods, which are designed to maintain
stability in policy updates by restricting changes to a
predefined “trust region,” can be effectively adapted
for MASs as demonstrated by the multiagent trust
region policy optimization (MATRPO) method (Li
HP and He, 2024) and related works (Roostaie and
Ebadzadeh, 2021; Li WH et al., 2022). Yet, when
juxtaposed with single-agent policy gradients, the
estimators in multiagent contexts exhibit heightened
variance (Yu et al., 2022). This challenge predom-
inately stems from the obfuscation of an individual
agent’s reward signal due to the concurrent explo-
ration behaviors of others within the environment.
Such an interaction complicates the effective delin-
eation of trust regions for each agent, thereby exac-
erbating the nonstationarity issue. Identification of
strategies that can contain the trust region for each
agent, despite the intertwined exploration activities,
is crucial for the advancement of cooperative MARL.

This approach mandates that agents share pa-
rameters, which introduces constraints on the diver-
sity of tasks that they are equipped to handle and
poses difficulties in achieving convergence of coop-

erative strategies. The MAPPO (Yu et al., 2022)
and IPPO (de Witt et al., 2020) methodologies ex-
tend this paradigm, with all agents required to share
parameters, which further limits the problem space
that can be effectively addressed.

Kuba et al. (2021) provided a theoretical under-
pinning for the concerns associated with parameter
sharing, demonstrating that it may lead to exponen-
tially suboptimal outcomes. This is a pivotal finding,
as it suggests that the common practice of parameter
sharing in MASs could fundamentally compromise
performance, leading to a degradation that scales
with the complexity of the task and the number of
agents involved.

Further advancements were made by Kuba et al.
(2022), who introduced the dominance function de-
composition theorem (Eq. (19)) and identified an op-
timal baseline for policy gradients (Eq. (20)), leading
to a significant variance reduction in policy gradi-
ent estimates. Building upon these theoretical foun-
dations, they developed a sequential rollout update
mechanism. This approach allows agents scheduled
later in the update sequence (later-order agents) to
leverage the updated policies of those updated earlier
(previous-order agents), thus integrating the cumu-
lative knowledge across agent updates.

Ai1:m
π (s, ai1:m) =

m∑
j=1

Aij
π (s, a

i1:j−1 , aij ), (19)

bopt(s, a
i) =

Eai∼πi
[Q(s, ai, a−i)∇θi lnπθ(a

i|s)]
Eai∼πi

[∇θi lnπθ(ai|s)]
.

(20)

In their seminal work, Kuba et al. (2021) en-
hanced the sequential policy update framework by
leveraging the multiagent advantage function decom-
position theorem. They established the monotonic
improvement property of the joint policy and in-
troduced the homogeneous-agent trust region policy
optimization (HATRPO) and homogeneous-agent
proximal policy optimization (HAPPO) algorithms.
These algorithms were shown to be capable of con-
verging to a Nash equilibrium in cooperative multi-
agent settings.

While HAPPO offers guarantees for monotonic
improvement on joint policy updates, it does not ex-
tend this assurance to individual agent policies. Ad-
dressing this limitation, agent-by-agent policy opti-
mization (A2PO) (Wang XH et al., 2023) introduces
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a more rigorous monotonic improvement bound com-
pared to HAPPO (Table 4). This tighter constraint
enables A2PO to theoretically enhance the efficiency
of optimizing the collective strategy, providing a
more robust solution to the nonstationary dilemmas
inherent in MARL. Further contributing to the field,
the targeted actor-distillation proximal policy opti-
mization (TAD-PPO) framework (Ye et al., 2023)
reconceptualizes the MDP into a structured single-
agent MDP. This innovative perspective facilitates
decentralized execution while preserving collabora-
tive learning dynamics, allowing for the extraction
and application of strategies from the constructed
MDP to the multiagent environment.

While trust region methods provide a frame-
work for stable policy updates in MASs, effective
cooperation often requires explicit communication
between agents. Let us now explore how commu-
nication mechanisms can be integrated into MARL
algorithms to enhance coordination and collective
performance.

4.2 Communication among collaborative
agents

Effective communication is a cornerstone of
interaction within MASs, bridging the gap be-
tween agents and their environment. It serves
a dual-purpose: fostering efficient information ex-
change and amplifying the collective efficacy of agent
collaboration.

Expanding upon these ideas, Wang YT and Sar-
toretti (2022) proposed the utilization of the hidden
states from multiple directional recurrent neural net-
works as a means of communication among agents.
By using a multihop network topology, agents can re-
ceive and process information from all other agents
at each timestep, significantly bolstering global col-
laborative efficacy. Moreover, there have been efforts
to incorporate more sophisticated communication
mechanisms into MARL. Jiang JC and Lu (2018) in-
troduced an attention-based communication model,
empowering agents to discern when to communi-
cate and how to fuse shared information effectively.
Perhaps most notably, Das et al. (2019) developed
the targeted multiagent communication (TarMAC)
model, enabling an agent to selectively determine
its communication partners, thus streamlining the
transmission of information within the MAS.

Contemporary-role-based MARL approaches,

such as RODE (Wang TH et al., 2021) and ROMA
(Wang TH et al., 2020b), use predefined role
structures to facilitate differentiated communication
among roles. However, this predefinition can con-
strain the system’s flexibility, particularly when con-
fronted with varying team sizes or dynamic role
changes. Addressing this challenge, Nguyen et al.
(2022) advanced a novel framework that learns and
transfers role assignments across teams of different
scales. Initially, a role assignment network is culti-
vated within a small-scale team context; this network
is subsequently transferred to a larger team setting,
where it undergoes further refinement via environ-
mental interactions.

Shao et al. (2022) introduced a self-organizing
group mechanism, featuring a conductor election and
message summary structure. In this system, lead-
ers are elected every T timesteps to form tempo-
rary groups, each comprising a leader and followers.
Within these groups, followers communicate with
their leader, who then synthesizes and disseminates
information, ensuring coordinated group actions. To
mitigate the deleterious effects of poor-quality long-
distance communication on decision-making, Xiao J
et al. (2023) implemented a distance-based graph at-
tention mechanism within the policy network. This
module prioritizes agent proximity when establish-
ing correlations, attenuating the influence of distant
agents by focusing on the feature representations of
neighbors, thereby enhancing the salience of perti-
nent information.

In scenarios wherein communication latency is
unavoidable, the delay-aware communication model
(DACOM) (Yuan TT et al., 2023) offers a solution.
It operates within a delay-aware multiagent POMDP
framework, accounting for both communication and
action delays. The model’s aggregation module uses
an attention mechanism to ascertain the relevance
of incoming messages, allowing for the prioritiza-
tion and integration of the most critical informa-
tion. Building upon the deep deterministic policy
gradient (DDPG) framework, Pesce and Montana
(2020) enabled explicit interagent communication.
They augmented DDPG with a memory module
that facilitates the learning of read-and-write opera-
tions during training. This innovation allows agents
to collaboratively develop and use a shared en-
vironmental representation, streamlining collective
decision-making processes. By integrating such a
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communication protocol, the utility of the DDPG al-
gorithm is expanded to accommodate complex com-
munication demands within MASs.

In MASs operating under communication
constraints, agents often encounter challenges such
as information delay or loss. Furthermore, not all sit-
uations necessitate global information for decision-
making; local agent data are typically more perti-
nent. To optimize the decision-making process, at-
tention mechanisms have emerged as a valuable re-
search area, enabling agents to prioritize and there-
after process information selectively. These mecha-
nisms, which include multihead attention, hierarchi-
cal attention, and graph attention, empower agents
to concentrate on the most task-relevant information
amid the vast and intricate interactions.

Attention mechanisms have been pivotal in ad-
vancing MARL, with various studies affirming their
efficacy. Transformer architectures, while powerful,
often grapple with high space–time complexity (Das
et al., 2019; Wen et al., 2022; Pu et al., 2023; Xiao J
et al., 2023). To mitigate this, TransMix (Khan MJ
et al., 2022) implements the additive self-attention
mechanism proposed by Fastformer, which stream-
lines the complexity of the Transformer encoder and
enhances inference speed. TransMix, a network de-
signed for joint action-value mixing, leverages this
Transformer-based approach to amalgamate individ-
ual agent value functions while capturing intricate
environmental state dynamics through global–local
context interactions. Mao et al. (2023) further re-
fined the Transformer’s utility in MARL by bifur-
cating its structure into the inner and outer Trans-
formers. The inner Transformer focuses on extract-
ing spatial information from single observations at
discrete timesteps, while the outer Transformer pro-
cesses sequential observation history to distill tem-
poral information. This dual-structure design facil-
itates the extraction of comprehensive spatiotempo-
ral representations, thereby enriching the decision-
making process. Laskin et al. (2023) applied a Trans-
former to reformulate offline RL as a sequence pre-
diction challenge, significantly improving sample ef-
ficiency and training velocity. The model’s strate-
gic generative capabilities extend beyond replicating
behavioral patterns from the dataset, demonstrat-
ing potential for innovating novel strategies distinct
from the original training data. This capacity indi-
cates that Transformers can capture complex data

patterns and extrapolate new solutions from these
insights.

Tian et al. (2023) used the attention-based re-
ward decomposition network with ensemble mech-
anism (ARDNEM) to parse the global reward into
agent-specific components and reconstruct the joint
trajectory with the decomposed prioritized expe-
rience replay (DPER). This enables agents to ex-
change and benefit from each other’s optimal experi-
ences. Pu et al. (2023) leveraged the communication
enhanced network (CEN) module and graph spa-
tiotemporal long short-term memory (GST-LSTM)
network to incorporate the states of neighboring
agents, enriching the environmental information and
stabilizing training. The CEN module, empow-
ered by an enhanced attention mechanism, adeptly
manages complex interactions among agents. Ad-
ditionally, Du W et al. (2023) adopted a hierar-
chical graph attention structure, comprising agent-
and relationship-level attention modules. This dual
mechanism discerns the significance of interagent re-
lationships, accommodating different agent types. In
TACO (Li DP et al., 2024), the attention frame-
work is used to distill pertinent global information.
Agents ascertain associated weights through self-
attention and perform a weighted aggregation of
other agents’ hidden states to reconstruct global in-
formation. Over time, the model transitions from
explicit communication to implicit cooperation, re-
ducing reliance on direct information exchange dur-
ing training.

Table 5 summarizes some of the key
communication-based MARL methods. These
communication-based MARL methods have shown
promising results in improving agent coordination
and system performance in various cooperative
and competitive tasks. However, challenges remain
in designing efficient communication protocols,
handling the complexity of large-scale MASs and
addressing the trade-off between communication
overhead and learning efficiency.

4.3 Multiagent cooperation compatibility—
strategy alignment

Cooperative incompatibility represents a signif-
icant challenge in MARL research, stemming from
potential strategic or behavioral conflicts among
agents. These conflicts can arise from diver-
gent goals, inconsistent action selection, or strategy
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Table 5 Summary of communication-based MARL algorithms

Communication type Algorithm name Algorithm summary

Based on value
function

approximation

FedQMIX (Cao SH et al.,
2024)

Adding regularization penalties to punish the use of additional com-
munication rounds, thereby improving the communication efficiency
of agents

C2E (Du XQ et al., 2024) Using a set of critic networks that communicate with each other to
estimate action values more accurately

DDRQN (Foerster et al., 2016)
Using deep recurrent Q-networks to evaluate agent actions and com-

munication strategies

Based on
policy gradient

methods

DACOM (Yuan TT et al.,
2023)

Introducing the TimeNet component, which adjusts the waiting time
for agents to receive messages from others, addressing delay-related
uncertainties

BiCNet (Peng P et al., 2017) Introducing bidirectional coordination networks to facilitate effective
communication among multiple agents

MD-MADDPG (Pesce and
Montana, 2020)

Using shared memory as a communication channel, where agents read
and provide information before action execution

Intrinsic A3C (Jaques et al.,
2019)

Providing additional incentives for collaborative actions with high
mutual information

MACC (Vanneste et al., 2020) Using counterfactual reasoning to train both action and communica-
tion strategies of agents

Improving
communication
flexibility and

learning
efficiency

ATOC (Jiang JC and Lu,
2018)

Using attention models to guide agent communication timing and
information integration

MAC (Miuccio et al., 2024) Agents learn to control communication protocols to communicate
effectively while considering communication overhead

NASA (Abdel-Aziz et al.,
2024)

Agents jointly learn adaptive communication protocols within a dy-
namic state space

RTS (Canese et al., 2024) Optimizing communication protocols to reduce data loss between
agents; exhibiting strong robustness to the number of agents

I2C (Ding et al., 2020) Proposing an independent inference communication mechanism, al-
lowing agents to learn the behaviors of others without explicit
communication

Based on
attention

MACRL (Xiao J et al., 2023) Employing graph attention mechanisms to generate agent aggregation
vectors based on the calculated interagent distance relevancy

AERL (Pu et al., 2023) Using spatiotemporal attention mechanisms to filter communication
information and expand the communication range of agents

TarMAC (Das et al., 2019) Allowing agents to actively select the recipients of messages through
a signature-based soft attention mechanism

misalignment (Lanctot et al., 2017; Zhao J et al.,
2022). Traditional MARL training has often em-
phasized individual agent proficiency without suffi-
cient focus on cooperative skill enhancement, lead-
ing to compatibility issues and hampering collective
goal achievement. To counteract these issues, many
strategies have been developed. Collaborative train-
ing and policy optimization techniques (Zeng et al.,
2022; Li Y et al., 2023a, 2024; Zhang ZQ et al., 2023)
stand out as pivotal methods. These approaches aim
to foster interagent cooperation and encourage ac-
tions that support collective task completion. How-
ever, even complete function families satisfying the

IGM principle may fall short of representing the op-
timal Q-function for cooperative tasks (Fu et al.,
2022). Alternatively, policy gradient methods aug-
mented with autoregressive policy modeling have the
theoretical potential to represent any optimal policy.
Yet, the reliance on sequential strategy dependencies
may impede decentralized execution, limiting algo-
rithmic scalability and practical application flexibil-
ity (Wang XH et al., 2023; Ye et al., 2023). Conse-
quently, devising algorithms that balance scalability
with the ability to effectively identify global opti-
mum strategies in cooperative MARL environments
remains a core research objective (Wang JH et al.,
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2021c).

Although current research has made progress
on the problem of multiagent cooperation
incompatibility, this issue remains a significant
challenge in the field of MARL. Contemporary
research primarily equips agents with the ability
to learn self-interested strategies within a shared
environment; however, ensuring compatibility and
effective cooperation across diverse settings remains
an area requiring further improvement. Approaches
such as agent-level coordination MADDPG (ALC-
MADDPG) (Zhang Y et al., 2021), deep implicit
coordination graphs (DICGs) (Li S et al., 2021),
and cooperative MARL based on coordination
degree (CMARL-CD) (Cui and Zhang, 2021) rep-
resent strides toward more-harmonious multiagent
collaboration, concentrating on both global-level
coordination and interagent local interactions.
Specifically, ALC-MADDPG (Zhang Y et al., 2021)
addresses the complexity of multiagent coordination
by evaluating interagent correlations, facilitating
strategic information exchange, and tailoring reward
structures accordingly. DICG (Li S et al., 2021),
on the other hand, uses a self-attention mechanism
to compose a dynamic coordination graph. This
graph’s edges denote interaction intensities be-
tween agents, and subsequent application of graph
convolutional networks on this framework aids
in assimilating individual agent information and
fortifying collective action. CMARL-CD (Cui and
Zhang, 2021) eschews the arduous task of estimating
a global Q-value function, instead empowering each
agent to independently appraise the coordination
level of its chosen actions. This assessment reflects
the probability that an action will contribute opti-
mally to the team’s strategy, thus endorsing implicit
cooperation without depending on extensive global
state evaluation.

Addressing the influence of diverse behavioral
styles within temporary cooperative teams, Fastap
(Zhang ZQ et al., 2023) adopts an innovative training
regime. It clusters teammate strategies with vary-
ing behavioral patterns using the Chinese restaurant
process (CRP), training controlled agents to identify
and adapt to these patterns swiftly. By learning con-
text encoders sensitive to teammate behavior, Fastap
equips agents with the capability to modify their col-
laborative strategies accordingly, thereby mitigating
issues of cooperation incompatibility.

To surmount the challenges of cooperative in-
compatibility, some studies have ventured into us-
ing pre-generated partner strategies. Notably,
Charakorn et al. (2020) introduced the hierarchi-
cal multiagent skill discovery (HMASD) algorithm,
a two-tiered hierarchical framework. At the higher
level, the HMASD algorithm uses a Transformer
structure to sequentially allocate skills, whereas the
lower level is dedicated to uncovering valuable team
and individual skills. This dual-level approach fa-
cilitates the coordination of disparate agent skills to
accomplish complex multiagent tasks effectively.

Complementing this, Qu GN et al. (2020) ad-
vanced a scalable actor–critic algorithm tailored for
expansive state–action spaces, commonly encoun-
tered in large-scale MASs. Ingeniously, the algo-
rithm’s computational complexity is confined to the
scale of an agent’s local neighborhood state–action
space, rather than the vastness of the entire net-
work’s state–action space. This scalability is pivotal
for the algorithm’s viability in extensive multiagent
scenarios. In their exploration of average reward
objectives, Qu GN et al. (2020) demonstrated that
the state–action function retains an exponentially
decaying property when agent interactions are lim-
ited. This characteristic underpins efficient learning
and collaboration within intricate networks, assert-
ing that agents can attain meaningful cooperation re-
lying solely on local information. This insight holds
significant implications for the pragmatic design of
MASs in real-world contexts.

Furthermore, the quest to address cooperative
incompatibility has embraced the study of agents’ ac-
tion semantics. By leveraging representation learn-
ing methods, researchers aim to bolster robustness
and scalability, thereby enhancing interagent coop-
eration (Wang WX et al., 2020; Hao XT et al., 2022).
These methods seek to decipher the semantic infor-
mation underlying actions, which could pave the way
for more nuanced and effective collaborative strate-
gies in MARL environments.

Current investigations into achieving optimal
coordination strategies in uncertain multiagent envi-
ronments represent a vibrant area of inquiry. While
existing MARL algorithms have made strides in facil-
itating agent coordination both globally and within
local neighborhoods, the pursuit of granular, agent-
to-agent coordination remains an open question.
The intricacy of this problem is amplified by the
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multifaceted nature of interagent cooperation strate-
gies, which intersect with domains such as game the-
ory, mechanism design, and adaptive control.

5 Typical application scenarios in
MARL

Collaborative MARL algorithms have garnered
significant attention due to their applicability in
various task scenarios. The ability of multiple agents
to learn and adapt through interaction with the envi-
ronment and each other has proven to be a powerful
tool in solving complex problems. In this section,
we explore specific applications of MARL in three
distinct domains: smart games, smart cities and in-
dustries, and national defense and military.

5.1 Smart games

In recent years, MARL has made significant
strides in the development of smart games. Among
the famous methods, DeepMind’s deep Q-network
(DQN) (Hessel et al., 2018) has been used to com-
plete Atari games (Mnih et al., 2015), and AlphaStar
(Arulkumaran et al., 2019) has competed with the
world champion in Dota 2, showcasing the potential
of RL in gaming.

MARL algorithms have demonstrated remark-
able flexibility in adjusting strategies based on the
lineup of agents in various StarCraft mission scenar-
ios, achieving a 100% winning rate in most cases. Qu
Y et al. (2024) released the real dataset of Honor of
Kings and the offline RL benchmark HOKOFF, fur-
ther advancing the field. Beyond multiplayer online
battle arena (MOBA) games, MARL has achieved
excellent results in a wide range of board and sports
games. Notable examples include Western Chess
(Perolat et al., 2022), Chinese Chess (Li Y et al.,
2023b), Majong (Zhao XY and Holden, 2022), and
Poker (Zha et al., 2021). These achievements high-
light the versatility and effectiveness of MARL in
various gaming domains. However, these game sce-
narios often present significant challenges for MARL
algorithms. For instance, the reward signal is typi-
cally available only at the end of the game, posing
a severe challenge to real-time decision-making and
strategy adjustment. Moreover, incomplete infor-
mation and stochasticity increase the complexity of
reward modeling and policy learning.

In the realm of sports games, MARL has shown

promising results in football (Zang et al., 2023; Chen
JY et al., 2024; Jo et al., 2024) and basketball (Yeh
et al., 2019). These environments present unique
challenges due to their continuous action spaces and
dynamic nature, making the design of effective re-
ward signals particularly difficult. Furthermore, bal-
ancing short-term objectives (such as ball posses-
sion) with long-term goals (such as scoring) is crucial
to avoid converging to suboptimal strategies.

To address these challenges, researchers have ex-
plored various approaches to enhance RL algorithms.
For example, in the game Against the Cold, evolu-
tionary RL combined with multiobjective optimiza-
tion algorithms was used to create nonplayer charac-
ters (NPCs) with nonregularized behavior, enhanc-
ing the gaming experience (Zheng Y et al., 2019;
Shen RM et al., 2020). Jeon HC et al. (2023) ex-
plored the problem of automated content balance in
BOSS Raid games, demonstrating the potential of
RL in game design and balance.

Recent advancements have pushed the bound-
aries of MARL further. Park JS et al. (2023) cre-
ated a virtual world consisting of 25 chat genera-
tive pre-trained Transformer (ChatGPT) that com-
pletely simulated real human life, with agents car-
rying out their own activities and communicating
with each other similar to humans. Zhu et al.
(2023) imitated how humans solve complex prob-
lems in the real world, achieving higher learning ef-
ficiency and unlimited scalability. Their intelligent
agents outperformed all previous agents in the game
“Minecraft,” showcasing the power of MARL in com-
plex environments.

5.2 Smart cities and industries

MARL has found numerous applications in the
development of smart cities and industries. Ren Y
et al. (2024) investigated the robustness of RL in
multisignal control systems, highlighting its poten-
tial for enhancing the reliability and stability of an
urban infrastructure.

In the field of autonomous vehicles, Li Z et al.
(2024) combined Q-learning and LSTM networks
to enhance the driving decision-making capabilities
of unmanned vehicles, enabling them to effectively
adapt to dynamic and complex traffic conditions.
This approach addresses the challenge of delayed re-
wards by leveraging the temporal memory capabili-
ties of LSTM networks. Chen CQ et al. (2024) used
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RL algorithms to calculate competitive quotes for
unmanned online ride-hailing vehicles in real time,
based on current traffic flow and passenger flow,
thereby optimizing transportation service efficiency.

Xiao BD et al. (2024) used MARL with value de-
composition to construct a car network, considering
the dynamic topological characteristics of the net-
work during decision-making. By incorporating ran-
dom graph neural networks, they effectively captured
the underlying dynamics of network characteristics
and improved the system’s flexibility in response to
environmental fluctuations. This approach provides
a reference for extracting effective reward informa-
tion from large-scale information flows.

In the domain of energy management, Yang NK
et al. (2023) applied RL to implement a multienergy
management strategy for hybrid electric vehicles,
optimizing their energy efficiency and performance.
The infrastructure management planning (IMP) en-
vironment (Leroy et al., 2024) provides a plat-
form for MARL in large-scale infrastructure man-
agement plans, enabling the optimization of resource
allocation and decision-making in complex urban
systems.

RL has also found applications in robotics and
industrial automation. Gu et al. (2023, 2024) im-
proved the PPO algorithm to address robot con-
trol tasks, ensuring safe team behavior by meet-
ing the safety constraints of each robot while max-
imizing team rewards. This approach uses trust
region methods to balance safety constraints and
credit allocation problems. Guo et al. (2023) solved
the problem of multirobot patrolling using coopera-
tive multiagent reinforcement learning and sequen-
tial decision-making. Cao HH et al. (2024) extended
the functional controller to an MARL algorithm, en-
hancing the robot’s safe movement and planning con-
trol capabilities in warehouse environments.

Despite the advantages of RL in industrial appli-
cations, challenges persist, such as high-dimensional
parameter spaces and difficulties in agent conver-
gence. To address these issues, Park S et al. (2024)
proposed a quantum MARL algorithm that simpli-
fies action dimensions by projecting value measure-
ments and improves parameter utilization. This
novel approach offers new perspectives on tackling
the scalability and efficiency challenges in complex
MARL scenarios.

As research in MARL progresses, its applica-

tions in smart cities and industries are expected to
expand further. From optimizing urban infrastruc-
ture and transportation systems to enhancing energy
management and industrial automation, RL holds
immense potential for creating more efficient, sus-
tainable, and intelligent urban environments and in-
dustrial processes.

5.3 National defense and military

In recent years, the application of MARL in the
military domain has made significant progress, par-
ticularly in the scenario of drone air combat. Re-
searchers have explored various approaches to en-
hance the effectiveness and cooperation of drones in
different combat situations.

Wang BL et al. (2024) addressed the impact of
combat cycles on air combat strategies by construct-
ing an evolutionary RL algorithm. This algorithm
enables drones to generate effective maneuver strate-
gies based on the state changes of opponents, ulti-
mately defeating them. Gong et al. (2023) combined
the value decomposition network (VDN) algorithm
with expert collaborative air combat experience to
improve the level of cooperation between drones in
various combat scenarios.

In the context of joint sea crossing and land-
ing missions, Liu HY et al. (2024) used a large-scale
multiagent evolutionary RL method. By dividing the
learning stages into multiple phases according to the
size of the agents, they achieved remarkable results
in these complex military operations. Zhou et al.
(2024) improved the MAPPO algorithm by incorpo-
rating the average value of the best formation and
performing sampling, resulting in better formation
strategies.

Kong et al. (2023) designed a hierarchical
MARL strategy that encompasses sub-strategies and
advanced strategies. By training agents through a
self-game method, they demonstrated effective co-
operative behavior in multiple scenarios. Wang ES
et al. (2024) focused on the unmanned aerial vehicle
(UAV) game confrontation problem in the noncoop-
erative game model, providing insights into drone
interactions in adversarial settings.

Medhi et al. (2023) investigated the use of
MARL algorithms to reduce threats in Byzantine
attack scenarios, highlighting the potential of RL in
enhancing the resilience of military systems.

As the field of MARL continues to evolve, its
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applications in military defense are expected to ex-
pand. From enhancing drone cooperation and ma-
neuver strategies to optimizing joint military op-
erations and decision-making processes, RL holds
immense potential for revolutionizing the way mil-
itary forces operate and adapt to complex and dy-
namic combat environments. However, it is crucial
to consider the ethical implications and potential
risks associated with the use of artificial intelligence
(AI) in military contexts, ensuring that its develop-
ment and deployment align with principles of inter-
national law and human rights.

6 Simulation environments in fully co-
operative scenarios

In the realm of MARL, simulation environments
serve as indispensable tools. They offer a controlled
yet dynamic virtual setting wherein agents can in-
teract, learn, and synchronize their actions. Such
environments are pivotal for researchers endeavoring
to unravel the complexities of agent behavior, strat-
egy formulation, and system performance. Through
rigorous experimentation and training facilitated by
these simulators, deeper insights into multiagent dy-
namics can be obtained.

To cater to the diverse research requirements
posed by different MARL challenges, an array of
specialized simulation environments has been de-

signed, as detailed in Table 6. For instance, envi-
ronments with partial observability such as Over-
cooked (Carroll et al., 2019) and SMAC (Samvelyan
et al., 2019) are leveraged to assess the robustness
of MARL algorithms. To evaluate algorithm scala-
bility, environments that accommodate large num-
bers of agents, such as MAgent (Zheng LM et al.,
2018) and MARLÖ (Perez-Liebana et al., 2019),
have been developed. Safety-critical aspects are ex-
plored within specialized settings such as Safe MA-
MuJoCo and Safe MARobosuite (Gu et al., 2023).

Moreover, simulation environments tailored to
specific practical applications have been established,
addressing domains such as drone swarms (Gao
et al., 2019), autonomous driving (Krajzewicz, 2010;
Sukhbaatar et al., 2016; Wang TH et al., 2020a), and
robotic control (Peng B et al., 2021; Gu et al., 2023).
These environments provide invaluable platforms for
both the advancement and the rigorous evaluation of
MARL algorithms.

7 Conclusions and future prospects

In this comprehensive review, we have system-
atically explored the multifaceted domain of MARL,
with a particular focus on the intricacies of reward
function construction and collaboration optimiza-
tion in fully cooperative scenarios. The synthesis of
literature presented herein underscores the critical

Table 6 Introduction to typical multiagent test environments

Environment name Action space Original learning mode Reward Observation

SMAC (Samvelyan et al., 2019) Discrete Cooperative Mixed Partial

MPE (Lowe et al., 2017) Hybrid Mixed Dense Full

MAMuJoCo (de Witt et al., 2021) Continuous Cooperative Dense Partial

GRF (Kurach et al., 2020) Discrete Mixed Sparse Full

SISL (Gupta et al., 2017) Hybrid Cooperative Dense Full

LBF (Papoudakis et al., 2022) Discrete Mixed Dense Partial

RWARE (Papoudakis et al., 2022) Discrete Cooperative Sparse Partial

MAgent (Zheng LM et al., 2018) Discrete Mixed Dense Partial

Pommerman (Resnick et al., 2018) Discrete Mixed Sparse Full

MetaDrive (Li QY et al., 2023) Continuous Collaborative Dense Partial

MATE (Pan et al., 2022) Hybrid Mixed Dense Partial

GoBigger (Zhang M et al., 2023) Continuous Mixed Dense Mixed

Overcooked (Carroll et al., 2019) Discrete Cooperative Dense Full

MAPDN (Wang JH et al., 2021a) Continuous Cooperative Dense Partial

Hide Seek (Baker et al., 2020) Discrete Mixed Dense Partial
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role of well-designed reward mechanisms and the ne-
cessity for sophisticated cooperative strategies to em-
power agents within such systems.

To conclude this survey, in the following, we
discuss future perspectives and open problems for
this direction.

7.1 Low-quality reward signals

In the domain of RL, reward signals are crucial.
They act as direct feedback from the environment,
informing the agent of the efficacy of its actions with
respect to a given task. When engaging with MARL,
the clarity and quality of these signals become even
more critical, particularly when faced with subop-
timal reward structures. Ambiguous, sparse, or in-
consistent reward signals can significantly hinder the
ability of agents to discern and adopt effective behav-
ioral strategies.

This paper delves into the challenges associated
with navigating reward signals in MARL, categoriz-
ing them into four principal groups for researchers’
consideration:

1. Sparse reward signals. Agents in multiagent
environments often encounter sparse rewards, receiv-
ing feedback only at infrequent intervals. Such spar-
sity obfuscates the connection between specific ac-
tions and their reward outcomes, complicating the
learning process.

2. Team-level reward signals. In team-based co-
operative MARL systems, rewards are commonly al-
located at the group level rather than to individual
agents. This collective approach can obscure the con-
tribution of an agent’s singular actions to the overall
team reward, making it difficult for agents to assess
their individual impact.

3. Deceptive reward signals. In some MASs,
reward signals may be intentionally deceptive. Such
signals can incentivize agents to engage in behavior
that yields higher immediate rewards through the
deception of others, potentially at the cost of long-
term collective success.

4. Delayed reward signals. The multiagent
environment might also feature delayed rewards,
whereby the consequences of an agent’s actions are
not immediately apparent. A sequence of actions
might yield feedback only after a significant delay,
complicating the attribution of outcomes to specific
behaviors.

7.2 Multitask learning in an open-ended
world

Open-world environments are characterized by
their dynamic and evolving nature, wherein agents
encounter interdependent tasks that demand simul-
taneous learning and execution. The efficacy of
MARL in such settings hinges on the creation of
algorithms that can generalize across diverse tasks,
adapt to novel scenarios, and transfer knowledge effi-
ciently among tasks. Consider the case of Minecraft,
an exemplar of an open-world environment with vast
exploration spaces. Agents in Minecraft face a multi-
tude of challenges, including imperfect information,
low-quality reward signals, and exceedingly large
state spaces. Moreover, the complex interrelation-
ships among objects and the dependencies of tasks
and projects underscore the necessity for precise mul-
tistep reasoning and planning efficiency. Agents are
required to retain focus on their initial goals while
mitigating distractions, leading to an intricate state
space and an ambiguous action space. The abil-
ity to foresee long-term consequences and to formu-
late plans based on both current and potential fu-
ture states is crucial (Mao et al., 2022; Zhu et al.,
2023; Wang ZH et al., 2024). The task of mastering
long-term planning in open-world settings remains
formidable. Agents must collaboratively negotiate to
establish a unified plan, accommodating each other’s
capabilities, and dynamically adjust this plan as nec-
essary. Such collaboration could involve pre-assigned
roles or roles that are dynamically adapted during
plan execution. Conflicts in planning must be ad-
dressed to maintain coherence, and agents can pro-
vide mutual oversight to rectify any planning errors.

Knowledge acquisition and utilization are piv-
otal for agents operating in open worlds. They must
be capable of learning from the environment through
self-supervision, accumulating experience, and en-
riching the built-in common sense of language mod-
els. The integration of external knowledge bases fur-
ther augments this process. The representation of
knowledge, selection of relevant information, and its
integration into planning are critical. Knowledge can
also fortify the reasoning abilities of language mod-
els. Although current planning approaches largely
rely on language models’ common-sense knowledge,
there is an evident need to enhance the use of
environment-specific knowledge. The open-world
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setting poses a rigorous test for MASs, wherein long-
term planning, multistep reasoning, knowledge cap-
ture and application, and collaborative effort are
paramount. Future research should pivot toward
cultivating intelligent agents that can navigate these
complexities autonomously, assimilating knowledge
and engaging in effective communication and coop-
eration with fellow agents.

7.3 Value alignment and security robustness
of agents

Value alignment constitutes a principal objec-
tive in the sphere of MARL research and applica-
tions, particularly from a safety standpoint (Burns
et al., 2024; Ji et al., 2024). The quintessential chal-
lenge lies in ensuring that the objectives programmed
into AI systems are congruent with human values
and ethical norms. Misalignment between the goals
of intelligent agents and human expectations can
precipitate decisions that contravene human values,
culminating in unforeseen or hazardous outcomes.
Consequently, the scholarly consensus underscores
the imperative for AI systems to achieve alignment
with human values as a precondition for a secure
AI-entwined future. Two principal risks are associ-
ated with the process of agent value alignment. The
first pertains to “reward hacking,” whereby agents
may exploit system loopholes to maximize rewards
via unforeseen strategies (Ma et al., 2024). Such
strategies, while numerically successful, may diverge
from human intentions, illustrating the necessity
for more exacting reward definitions and consider-
ations of potential misconfigurations during design.
The second risk involves “power-seeking” behaviors,
whereby strategically aware agents could endeavor to
augment their influence over the environment, irre-
spective of their initial objectives (Hua et al., 2024).
This pursuit of control can lead to actions that com-
promise human interests or those of other agents,
escalating systemic uncertainty and potential safety
hazards.

To mitigate these risks, future research should
prioritize the integration of human-centric values and
ethical guidelines into algorithmic design, ensuring
that agents not only strive to maximize collective
rewards but also respect individual rights and ad-
here to societal norms. A promising avenue is to
draw insights from the social sciences and behav-
ioral economics to inform the structuration of agent

reward mechanisms and decision-making processes
(Xu YZ et al., 2024). For instance, incorporating
principles from the social choice theory could ensure
that agent decisions reflect fairness (Li GH et al.,
2023), while the cooperative game theory could be
leveraged to harmonize the pursuit of individual op-
timization with maximization of collective rewards.
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