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Recent years have witnessed significant im-
provement of multi-agent systems for solving vari-
ous decision-making problems in complex environ-
ments and achievement of similar or even better per-
formance than humans. In this study, we briefly
review multi-agent collaboration and gaming tech-
nology from three perspectives, i.e., task challenges,
technology directions, and application areas. We
first highlight the typical research problems and chal-
lenges in the recent work on multi-agent systems.
Then we discuss some of the promising research di-
rections on multi-agent collaboration and gaming
tasks. Finally, we provide some focused prospects
on the application areas in this field.

1 Introduction

Multi-agent systems, which aim to understand
complex environments and adaptively make deci-
sions to compete and coordinate (Vinyals et al.,
2019) with humans or other agents, have become
increasingly hot topics in both academia and in-
dustry. Actually, thanks to tremendous success in
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machine learning and reinforcement learning, recent
years have witnessed sensational advances in many
prominent agent decision-making problems, such as
robotic control (Polydoros and Nalpantidis, 2017),
Go game playing (Silver et al., 2016, 2017), and au-
tonomous driving (Grigorescu et al., 2020).

For a long time, researchers focused mainly
on a single agent to learn environments and take
autonomous actions to change the environment
(Jennings et al., 1998). These early researchers
always treated this problem as a Markov deci-
sion process (Puterman, 1994) and applied transi-
tion planning methods, such as Monte-Carlo tree
search (Coulom, 2007), to optimize the Markov de-
cision process. A principled mathematical frame-
work for adaptive agent learning is reinforcement
learning (Arulkumaran et al., 2017). Actually, re-
inforcement learning has achieved great successes in
many tasks (Arulkumaran et al., 2017). However,
traditional reinforcement learning methods still have
great computational complexity challenges (Arulku-
maran et al., 2017). These complex challenges can
be overcome by the powerful representation ability of
deep neural networks. For example, in the Go game,
it is difficult for traditional artificial intelligence (AI)
to evaluate all board positions and moves because
of the enormous search space (Silver et al., 2016).
However, with the representation of deep learning,
AI system can achieve superior performance (Silver
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et al., 2016, 2017). Consequently, deep reinforce-
ment learning has attracted much attention from
many agent application areas, such as business man-
agement (Betancourt and Chen, 2021) and industry
control (Spielberg et al., 2017).

Recently, with the rapid development of AI tech-
nologies, more and more researchers have started to
pay much attention to multi-agent systems. Ac-
tually, multi-agent systems are of great challenges
to involve the participation of more than one sin-
gle agent (Zhang KQ et al., 2021). To begin with,
multi-agent environments are much more sophisti-
cated than single-agent environments, because the
actions of other agents may make the environment
unstable. This situation always makes it difficult for
researchers to model the real-world multi-agent envi-
ronment and construct a reliable simulation environ-
ment. Then, considering multi-agent system char-
acteristics, agent communications and cooperations
are two major challenges for multi-agent collabora-
tions. On one hand, communication is a big problem
for different agents who share the environment per-
ception and action commands. On the other hand,
how to make all the agents collaborate to achieve
the final targets is a non-trivial task. Last but not
least, multi-agent systems are always applied to com-
petitive environments in many applications. Along
this line, the return of agents in competitive environ-
ments is usually a zero-sum operation (Zhang KQ
et al., 2021). This means that multi-agent systems
need to take competitive environments into consid-
eration, which also brings some major challenges.

In this study, we provide a focused look at the
multi-agent collaboration and gaming task, from re-
search challenges to technical directions, and to ap-
plication areas. Although several surveys have re-
viewed many aspects of multi-agent systems (Buso-
niu et al., 2008; Hernandez-Leal et al., 2017; Oroo-
jlooy and Hajinezhad, 2019; Nguyen et al., 2020;
Zhang KQ et al., 2021), recent surveys focus on
either a sub-domain (Hernandez-Leal et al., 2017;
Oroojlooy and Hajinezhad, 2019) such as coopera-
tive multi-agent systems (Oroojlooy and Hajinezhad,
2019) or specific methods such as deep reinforcement
learning (Nguyen et al., 2020). Different from prior
work, in this study, we spotlight mainly several new
research directions that are comparatively under-
explored in existing reviews and hope to suggest
some insightful ideas for future multi-agent collabo-

ration and gaming research areas. More specifically,
we first introduce some open issues and challenges
in this area. Then, we provide a related outlook
on technical directions that may bring some insight-
ful thinking to these research challenges. Finally,
we bring some prospects of the application areas for
multi-agent collaboration and gaming. We hope this
paper can provide a quick overview of multi-agent
study with a special focus on agent collaboration
and gaming.

2 Task challenges

The research on multi-agent systems has a long
history (Hoen et al., 2005; Busoniu et al., 2008), but
there are still many open issues. In this section, we
provide a selective overview of three major problems
in multi-agent collaboration and gaming.

2.1 Multi-agent environment construction

Generally, multi-agent environment problems
have been ignored by prior reviews. Many multi-
agent systems studies rely mainly on totally vir-
tual environments or simulated environments. Pre-
vious efforts usually construct virtual environments
from games and develop multi-agent evaluation plat-
forms. Arcade learning environment (Atari) (Belle-
mare et al., 2013) was first developed to evaluate gen-
eral agents in Atari 2600 game environments. ViZ-
Doom (Kempka et al., 2016) first presents a semi-
realistic three-dimensional (3D) evaluation platform
in a shooter video game environment. There are also
many other multi-agent evaluation platforms, such
as MuJoCo (Todorov et al., 2012), Minecraft (John-
son et al., 2016; Tessler et al., 2017), DeepMind
Lab (Beattie et al., 2016), OpenAI Gym (Brock-
man et al., 2016), FAIR TorchCraft (Synnaeve et al.,
2016), and Botzone (Zhou et al., 2018). In re-
cent years, researchers have shown special interest
in real-time strategy games, such as StarCraft (Shao
et al., 2019; Vinyals et al., 2019) and Dota (Berner
et al., 2019). Although these platforms have greatly
advanced the development of multi-agent technolo-
gies and evaluations, there is still a huge gap be-
tween these virtual environments and real-world
applications.

Consequently, it is an urgent challenge to con-
struct a more open and real environment and then
bridge the gap between multi-agent computational
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environments and real-world scenes. Actually, both
academia and industry have paid much attention to
this issue and made several attempts. For example,
the RoboCup (https://www.robocup.org/) founded
in 1996 was a successful attempt at constructing a
real collaborative and competitive environment for
multi-agent systems. The DJI hosted an annual in-
tercollegiate robot competition, namely RoboMaster
(https://www.robomaster.com/), and introduced a
confrontational 5-on-5 MOBA-style robot combat,
which is another great attempt at a real environment
for multi-agent systems. These attempts have made
important progress on constructing real-world multi-
agent collaborative and competitive environments.
However, these attempts in real-world multi-agent
environments are still limited. On one hand, the ex-
isting environments are focused mainly on a specific
task. On the other hand, these environments are
still in a closed setting with limited time and space.
In the real world, tasks for agents are more complex
and various. The multi-agent environments are al-
ways with open settings, which means that the time
and space are without limitations. In other words,
it is still an open issue with great challenges to con-
struct a more realistic multi-agent environment.

2.2 Multi-agent collaboration

Different from single-agent systems, multi-agent
systems naturally consist of multiple agents with var-
ious sensors. Therefore, the collaboration of different
agents is a major task that cannot be ignored. In-
deed, in a complex environment, a single agent could
not obtain comprehensive environment information.
All the agents need to collaborate with each other to
achieve a global perception of the environment and
make cooperative decisions. In this subsection, we
will discuss two challenges in multi-agent collabora-
tion: multi-agent communication and collaborative
perception.

2.2.1 Multi-agent communication

Multi-agent communication is a classical and
important research topic in multi-agent sys-
tems (Georgeff, 1988; Wang RD et al., 2020). With
the rapid development of multi-agent reinforcement
learning, the communication problem can be divided
into two major questions: who needs to be com-
municated with and what needs to be communi-

cated (Wang RD et al., 2020). Actually, these two
major questions are always addressed as scheduling
learning tasks and communication protocols (Wang
RD et al., 2020). For scheduling learning tasks, re-
cent researchers have shown special interest in multi-
agent reinforcement learning with scheduling meth-
ods. These methods can be grouped into two classes
by the scheduler selections. Several studies pro-
posed gating mechanisms to control agent commu-
nications (Jiang and Lu, 2018; Singh et al., 2018;
Kim et al., 2019; Mao et al., 2019), whereas other re-
searchers focused on determining the importance of
different agent messages and used bi-directional re-
current neural networks (RNNs) (Peng et al., 2017)
or the attention mechanism (Das et al., 2019) to learn
an adaptive weighted scheduler. For communica-
tion protocols, most studies have proposed an end-
to-end framework to coordinate message exchanges
from different agents (Foerster et al., 2016; Lazari-
dou et al., 2017; Mordatch and Abbeel, 2018).

In spite of the great progress of prior multi-
agent communication studies, there are still many
challenges that need to be deeply explored. For ex-
ample, content redundancy is an urgent problem for
scheduling methods. In real multi-agent systems,
the bandwidth is always limited (Wang RD et al.,
2020), which makes it difficult to transmit a large-
scale message between two agents. How to construct
a more effective multi-agent communication mecha-
nism is still an open issue in real-world applications,
such as the Internet of Vehicles (Li ZY et al., 2021).

2.2.2 Collaborative perception

In addition to the communication challenges,
the collaborative perception of multi-agent systems
is another essential problem. Unfortunately, the ex-
ploration of this task is limited (Liu et al., 2020a,
2020b). Different from multi-agent communication,
perception focuses mainly on the communication
message processing rather than the communication
scheduling or protocol. Although single-agent per-
ception has achieved great success in recent years,
it is a non-trivial problem to obtain multi-agent
perception over single-agent perception. First, a
single-agent can hardly perceive comprehensive en-
vironments. Then, how to integrate different agents
and achieve a precise fused perception is an under-
explored issue (Li YM et al., 2021). Second, the
transmission bandwidth is a great challenge in both
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multi-agent communication (Wang RD et al., 2020)
and collaborative perception (Liu et al., 2020a; Li
YM et al., 2021). The reason is that communica-
tion is an important pre-task for perceptions. Third,
considering the various task settings, the sensors in
different agents may be different, such as the camera
and laser radar (LIDAR) in robotics. Therefore, the
fusion of these different sensor data from agents is
another important but unexplored problem.

2.3 Multi-agent gaming

Recent years have witnessed great improvement
in AI of real-time strategy games (Vinyals et al.,
2019). Multi-agent gaming, which is one of the ma-
jor tasks in these areas, has attracted significant re-
search attention. Different from multi-agent collab-
oration, multi-agent gaming requires an understand-
ing of adversary behaviors in addition to competitive
environments and the ability to adaptively make de-
cisions to achieve the task targets or obtain higher
scores than competitors. Along this line, multi-agent
gaming has two main challenges: competitive envi-
ronment modeling and competitive decision making.

2.3.1 Competitive environment modeling

For multi-agent gaming, one of the major
challenges is understanding competitive environ-
ments. Multi-agent competitive environments can
be grouped mainly into two classes, i.e., perfect in-
formation games and imperfect information games.
In perfect information games, the agents can ob-
serve all the environments and states of other play-
ers in time. On the contrary, imperfect information
games present another common competitive environ-
ment, in which agents cannot know all the moves
already made by the opponent. For example, the
Go game (Silver et al., 2016, 2017) is a two-player
perfect information game and StarCraft (Shao et al.,
2019; Vinyals et al., 2019) is a multi-player imper-
fect information game. As mentioned above, the
biggest difference between competitive and cooper-
ative multi-agent environments is the introduction
of competitors. That also brings great challenges.
On one hand, the introduction of competitors brings
more environmental uncertainty. On the other hand,
in multi-agent gaming, environment modeling needs
to consider the situation of competitors. Especially
for the imperfect information game, the limited ex-

ploration of the environment makes it difficult to
predict the behaviors and intent of competitors.

Indeed, most multi-agent gaming methods, es-
pecially deep reinforcement learning methods, usu-
ally model the competitive environment as a zero-
sum game (Barron, 2013; Leonardos et al., 2021).
However, in real-world applications, such as power
control (Mei et al., 2017), the competitive set-
tings are always general-sum games. Unfortunately,
general-sum multi-agent gaming is still largely
under-explored (Lin et al., 2019; Mazumdar et al.,
2020; Neumeyer et al., 2021).

2.3.2 Competitive decision making

In multi-agent competitive settings, the agent
behaviors are much more complex than those in co-
operative settings. An agent always needs to pre-
dict the behavior of competitors and incorporate an
understanding of current environments before cre-
ating its own strategy, which makes it difficult to
find an equilibrium selection strategy. Prior research
has focused mainly on designing convergent algo-
rithms to model the complex behavior of competi-
tive game theoretic settings (Rakhlin and Sridharan,
2013; Balduzzi et al., 2018; Bailey and Piliouras,
2019). However, the competitive decision-making
task is still under-explored and presents significant
challenges. First, considering complex competitive
environments, the different agents have diverse task
settings, such as offense, defense, and protection in
confrontation games. These task settings should
adapt to dynamic competitive environments. Under-
standing tasks and adaptively selecting agent roles in
the environment is one of the key challenges for agent
decision making. Second, different from collabora-
tive environments, the introduction of competitors
makes understanding and forecasting the purpose of
competitors another problem. Third, to achieve the
final win, the balance of short- and long-term re-
turns is an important issue that must be considered.
In conclusion, these challenges make multi-agent au-
tonomous decisions a non-trivial problem which is
still under-explored.

3 Technology directions

Based on the research challenges in multi-
agent collaboration and gaming, in this section,
we discuss some technical areas that may promote
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developments of future research in multi-agent
systems.

3.1 Digital environment construction

As mentioned earlier, most previous works were
based on virtual environments, such as games, to
develop multi-agent collaboration and gaming plat-
forms. This situation creates a huge gap between vir-
tual environments and real-world applications. To
bridge this gap, a more realistic digital environ-
ment using real-world scenarios needs to be con-
structed. Fortunately, there has been tremendous
success in computer vision and computer graphics.
Computational simulation technologies, such as Dig-
ital Twin (Tao et al., 2019) and Metaverse (Dionisio
et al., 2013), have been developed to construct 3D
environments that can reflect real objects and phys-
ical user interactions. These technologies can also
add some new perspectives in multi-agent environ-
ment construction to further promote application of
multi-agent collaboration and gaming in real-world
scenarios.

3.2 Multi-modal perception and collabora-
tion

In real multi-agent systems, perception of the
environment is based mainly on the sensors in the
agents. For a comprehensive understanding of the
environment, the single agent is always equipped
with multiple different sensors to collect multi-modal
data, such as the optical signal, electromagnetic sig-
nal, and radar signal. Each type of sensor has the
specific ability to perceive the environment and the
states of other agents. For example, the radar sensor
can continuously work in complex monitoring envi-
ronments, such as foggy or strong light environments.
The vision sensors can reflect intuitively and help
humans quickly understand the agent’s perceptions,
which is important for human–machine collabora-
tions. The multi-modal learning and fusion (Bal-
trušaitis et al., 2019) technologies are important for
building an accurate perception of multi-agent sys-
tems. Moreover, considering the complexity of agent
tasks, the different agents in one multi-agent system
could have various perception targets. This means
that the collaboration of multiple perceptions is an-
other research direction for multi-agent systems.

3.3 Multi-task learning and gaming

In a confrontational and gaming environment,
it is important to understand gaming tasks and
competitive environments for multi-agent systems.
Agent tasks are always changed with dynamic en-
vironments, especially with the unknown competi-
tor states in imperfect information gaming. Along
this line, transfer learning (Zhuang et al., 2021) and
multi-task learning (Zhang Y and Yang, 2018) are
considerable methods for improving the generaliza-
tion performance and adaptively transferring the
knowledge from one task to another task in multi-
agent gaming. Real responses and data samples are
difficult to obtain in many real scenarios, such as mil-
itary applications. Transfer learning could be an ef-
ficient way to transfer a trained model in a simulated
environment and apply it in a realistic environment.
Considering the large-scale state-action space, hier-
archical reinforcement learning (Nachum et al., 2018)
is another potential research direction to disentangle
the complex multi-agent gaming problem. Inverse
reinforcement learning (Arora and Doshi, 2021) is
also a potential way to learn from expert trajectories
and deal with the reward dilemma designed in the
complex multi-agent gaming task.

4 Application areas

Since the success of multi-agent systems and re-
inforcement learning, many researchers have devel-
oped multi-agent collaboration and gaming methods
in various application areas. In this section, we look
at multi-agent collaboration and gaming application
areas.

Indeed, a prominent application area is the con-
trol of swarm robotic systems (Hüttenrauch et al.,
2019) or unmanned aerial vehicles (Tso et al., 1999;
Wang YN et al., 2022). These control problems
are always based on multi-agent collaboration and
gaming methods and require an understanding of
the dynamic environment and automatic decisions
to achieve complex tasks in competitive or non-
competitive settings. Another application area of
wide attention is the game AI (Silver et al., 2017;
Vinyals et al., 2019). Games have attracted tremen-
dous research attention in recent years and great
success has been achieved in related AI methods.
Games are good platforms for evaluating multi-agent
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collaboration and gaming methods because of the
well-defined environments and rewards. However, as
mentioned above, how to bridge the gap between vir-
tual game environments and realistic applications is
still an open issue. There are also many industrial
applications, such as energy management (Lagorse
et al., 2010), urban traffic control (Wang Y et al.,
2020), and sport AI (Cañizares et al., 2017).

5 Conclusions

In this study, we presented the prospects for
multi-agent system research with a special focus on
agent collaboration and gaming tasks. We briefly in-
troduced some open issues and task challenges from
three major perspectives: the multi-agent environ-
ment, collaboration, and gaming. Then we provided
a related outlook for the technology directions that
may create some research challenge insights. Finally,
we discussed the outlook for the multi-agent collab-
oration and gaming application areas.

Contributors
Yu LIU designed the research. Zhi LI drafted the paper.

Yu LIU helped organize the paper. Zhizhuo JIANG and You

HE revised and finalized the paper.

Compliance with ethics guidelines
Yu LIU, Zhi LI, Zhizhuo JIANG, and You HE declare

that they have no conflict of interest.

References
Arora S, Doshi P, 2021. A survey of inverse reinforcement

learning: challenges, methods and progress. Artif Intell,
297:103500.
https://doi.org/10.1016/j.artint.2021.103500

Arulkumaran K, Deisenroth MP, Brundage M, et al., 2017.
Deep reinforcement learning: a brief survey. IEEE
Signal Process Mag, 34(6):26-38.
https://doi.org/10.1109/MSP.2017.2743240

Bailey JP, Piliouras G, 2019. Multi-agent learning in network
zero-sum games is a Hamiltonian system. Proc 18th Int
Conf on Autonomous Agents and Multiagent Systems,
p.233-241.

Balduzzi D, Racanière S, Martens J, et al., 2018. The
mechanics of n-player differentiable games. Proc 35th

Int Conf on Machine Learning, p.354-363.
Baltrušaitis T, Ahuja C, Morency LP, 2019. Multimodal

machine learning: a survey and taxonomy. IEEE Trans
Patt Anal Mach Intell, 41(2):423-443.
https://doi.org/10.1109/TPAMI.2018.2798607

Barron EN, 2013. Game Theory: an Introduction. John
Wiley & Sons, Hoboken, USA.

Beattie C, Leibo JZ, Teplyashin D, et al., 2016. DeepMind
Lab. https://arxiv.org/abs/1612.03801v2

Bellemare MG, Naddaf Y, Veness J, et al., 2013. The
arcade learning environment: an evaluation platform
for general agents. J Artif Intell Res, 47:253-279.
https://doi.org/10.1613/jair.3912

Berner C, Brockman G, Chan B, et al., 2019. Dota 2 with
large scale deep reinforcement learning.
https://arxiv.org/abs/1912.06680

Betancourt C, Chen WH, 2021. Deep reinforcement learning
for portfolio management of markets with a dynamic
number of assets. Expert Syst Appl, 164:114002.
https://doi.org/10.1016/j.eswa.2020.114002

Brockman G, Cheung V, Pettersson L, et al., 2016. OpenAI
Gym. https://arxiv.org/abs/1606.01540

Busoniu L, Babuska R, De Schutter B, 2008. A comprehen-
sive survey of multiagent reinforcement learning. IEEE
Trans Syst Man Cybern Part C, 38(2):156-172.
https://doi.org/10.1109/TSMCC.2007.913919

Cañizares PC, Merayo MG, Núñez M, et al., 2017. A multi-
agent system architecture for statistics managing and
soccer forecasting. Proc 2nd IEEE Int Conf on Com-
putational Intelligence and Applications, p.572-576.
https://doi.org/10.1109/CIAPP.2017.8167282

Coulom R, 2007. Efficient selectivity and backup operators
in Monte-Carlo tree search. Proc 5th Int Conf on
Computers and Games, p.72-83.
https://doi.org/10.1007/978-3-540-75538-8_7

Das A, Gervet T, Romoff J, et al., 2019. TarMAC: targeted
multi-agent communication. Proc 36th Int Conf on
Machine Learning, p.1538-1546.

Dionisio JDN, Burns WGIII, Gilbert R, 2013. 3D virtual
worlds and the metaverse: current status and future
possibilities. ACM Comput Surv, 45(3):34.
https://doi.org/10.1145/2480741.2480751

Foerster JN, Assael YM, de Freitas N, et al., 2016. Learning
to communicate with deep multi-agent reinforcement
learning. Proc 30th Int Conf on Neural Information
Processing Systems, p.2145-2153.

Georgeff MP, 1988. Communication and interaction in multi-
agent planning. In: Bond AH, Gasser L (Eds.), Dis-
tributed Artificial Intelligence. Morgan Kaufmann Pub-
lishers Inc., San Francisco, USA, p.200-204.

Grigorescu S, Trasnea B, Cocias T, et al., 2020. A survey
of deep learning techniques for autonomous driving. J
Field Robot, 37(3):362-386.
https://doi.org/10.1002/rob.21918

Hernandez-Leal P, Kaisers M, Baarslag T, et al., 2017. A
survey of learning in multiagent environments: dealing
with non-stationarity.
https://arxiv.org/abs/1707.09183v1

Hoen PJ, Tuyls K, Panait L, et al., 2005. An overview of
cooperative and competitive multiagent learning. Proc
1st Int Conf on Learning and Adaption in Multi-Agent
Systems, p.1-46. https://doi.org/10.1007/11691839_1

Hüttenrauch M, Šošić A, Neumann G, 2019. Deep reinforce-
ment learning for swarm systems. J Mach Learn Res,
20(54):1-31.

Jennings NR, Sycara K, Wooldridge M, 1998. A roadmap of
agent research and development. Auton Agent Multi-
Agent Syst, 1(1):7-38.
https://doi.org/10.1023/A:1010090405266



1008 Liu et al. / Front Inform Technol Electron Eng 2022 23(7):1002-1009

Jiang JC, Lu ZQ, 2018. Learning attentional communication
for multi-agent cooperation. Proc 32nd Int Conf on
Neural Information Processing Systems, p.7265-7275.

Johnson M, Hofmann K, Hutton T, et al., 2016. The
Malmo platform for artificial intelligence experimenta-
tion. Proc 25th Int Joint Conf on Artificial Intelligence,
p.4246-4247.

Kempka M, Wydmuch M, Runc G, et al., 2016. ViZDoom:
a doom-based AI research platform for visual reinforce-
ment learning. Proc IEEE Conf on Computational
Intelligence and Games, p.1-8.
https://doi.org/10.1109/CIG.2016.7860433

Kim D, Moon S, Hostallero D, et al., 2019. Learning to
schedule communication in multi-agent reinforcement
learning. https://arxiv.org/abs/1902.01554

Lagorse J, Paire D, Miraoui A, 2010. A multi-agent system
for energy management of distributed power sources.
Renewab Energy, 35(1):174-182.
https://doi.org/10.1016/j.renene.2009.02.029

Lazaridou A, Peysakhovich A, Baroni M, 2017. Multi-agent
cooperation and the emergence of (natural) language.
https://arxiv.org/abs/1612.07182

Leonardos S, Piliouras G, Spendlove K, 2021. Exploration-
exploitation in multi-agent competition: convergence
with bounded rationality.
https://arxiv.org/abs/2106.12928

Li YM, Ren SL, Wu PX, et al., 2021. Learning distilled
collaboration graph for multi-agent perception.
https://arxiv.org/abs/2111.00643v2

Li ZY, Yuan Q, Luo GY, et al., 2021. Learning effective
multi-vehicle cooperation at unsignalized intersection
via bandwidth-constrained communication. Proc IEEE
94th Vehicular Technology Conf, p.1-7.

Lin XM, Adams SC, Beling PA, 2019. Multi-agent inverse
reinforcement learning for certain general-sum stochas-
tic games. J Artif Intell Res, 66:473-502.
https://doi.org/10.1613/jair.1.11541

Liu YC, Tian JJ, Glaser N, et al., 2020a. When2com: multi-
agent perception via communication graph grouping.
Proc IEEE/CVF Conf on Compute Vision and Pattern
Recognition, p.4105-4114.

Liu YC, Tian JJ, Ma CY, et al., 2020b. Who2com: collabo-
rative perception via learnable handshake communica-
tion. Proc IEEE Int Conf on Robotics and Automation,
p.6876-6883.

Mao HY, Gong ZB, Zhang ZC, et al., 2019. Learning multi-
agent communication under limited-bandwidth restric-
tion for Internet packet routing.
https://arxiv.org/abs/1903.05561

Mazumdar E, Ratliff LJ, Jordan MI, et al., 2020. Policy-
gradient algorithms have no guarantees of convergence
in linear quadratic games. Proc 19th Int Conf on
Autonomous Agents and Multiagent Systems, p.860-
868.

Mei SW, Wei W, Liu F, 2017. On engineering game theory
with its application in power systems. Contr Theory
Technol, 15(1):1-12.
https://doi.org/10.1007/s11768-017-6186-y

Mordatch I, Abbeel P, 2018. Emergence of grounded com-
positional language in multi-agent populations.
https://arxiv.org/abs/1703.04908

Nachum O, Gu SX, Lee H, et al., 2018. Data-efficient
hierarchical reinforcement learning. Proc 32nd Int Conf
on Neural Information Processing Systems, p.3307-3317.

Neumeyer C, Oliehoek FA, Gavrila DM, 2021. General-sum
multi-agent continuous inverse optimal control. IEEE
Robot Autom Lett, 6(2):3429-3436.
https://doi.org/10.1109/LRA.2021.3060411

Nguyen TT, Nguyen ND, Nahavandi S, 2020. Deep rein-
forcement learning for multiagent systems: a review of
challenges, solutions, and applications. IEEE Trans
Cybern, 50(9):3826-3839.
https://doi.org/10.1109/TCYB.2020.2977374

Oroojlooy A, Hajinezhad D, 2019. A review of cooperative
multi-agent deep reinforcement learning.
https://arxiv.org/abs/1908.03963

Peng P, Wen Y, Yang YD, et al., 2017. Multiagent
bidirectionally-coordinated nets: emergence of human-
level coordination in learning to play StarCraft combat
games. https://arxiv.org/abs/1703.10069

Polydoros AS, Nalpantidis L, 2017. Survey of model-based
reinforcement learning: applications on robotics. J
Intell Robot Syst, 86(2):153-173.
https://doi.org/10.1007/s10846-017-0468-y

Puterman ML, 1994. Markov Decision Processes: Discrete
Stochastic Dynamic Programming. John Wiley & Sons,
Hoboken, USA.

Rakhlin A, Sridharan K, 2013. Optimization, learning, and
games with predictable sequences. Proc 26th Int Conf
on Neural Information Processing Systems, p.3066-3074.

Shao K, Zhu YH, Zhao DB, 2019. StarCraft microman-
agement with reinforcement learning and curriculum
transfer learning. IEEE Trans Emerg Top Comput In-
tell, 3(1):73-84.
https://doi.org/10.1109/TETCI.2018.2823329

Silver D, Huang A, Maddison CJ, et al., 2016. Mastering the
game of Go with deep neural networks and tree search.
Nature, 529(7587):484-489.
https://doi.org/10.1038/nature16961

Silver D, Schrittwieser J, Simonyan K, et al., 2017. Mastering
the game of Go without human knowledge. Nature,
550(7676):354-359.
https://doi.org/10.1038/nature24270

Singh A, Jain T, Sukhbaatar S, 2018. Learning when to
communicate at scale in multiagent cooperative and
competitive tasks. https://arxiv.org/abs/1812.09755

Spielberg SPK, Gopaluni RB, Loewen PD, 2017. Deep
reinforcement learning approaches for process control.
Proc 6th Int Symp on Advanced Control of Industrial
Processes, p.201-206.
https://doi.org/10.1109/ADCONIP.2017.7983780

Synnaeve G, Nardelli N, Auvolat A, et al., 2016. TorchCraft:
a library for machine learning research on real-time
strategy games. https://arxiv.org/abs/1611.00625

Tao F, Zhang H, Liu A, et al., 2019. Digital Twin in industry:
state-of-the-art. IEEE Trans Ind Inform, 15(4):2405-
2415. https://doi.org/10.1109/TII.2018.2873186

Tessler C, Givony S, Zahavy T, et al., 2017. A deep hierar-
chical approach to lifelong learning in minecraft. Proc
31st AAAI Conf on Artificial Intelligence, p.1553-1561.

Todorov E, Erez T, Tassa Y, 2012. MuJoCo: a physics
engine for model-based control. Proc IEEE/RSJ Int
Conf on Intelligent Robots and Systems, p.5026-5033.



Liu et al. / Front Inform Technol Electron Eng 2022 23(7):1002-1009 1009

Tso KS, Tharp GK, Zhang W, et al., 1999. A multi-agent
operator interface for unmanned aerial vehicles. Proc
Gateway to the New Millennium. Proc 18th Digital
Avionics Systems Conf, Article 6.A.4.
https://doi.org/10.1109/DASC.1999.821969

Vinyals O, Babuschkin I, Czarnecki WM, et al., 2019. Grand-
master level in StarCraft II using multi-agent reinforce-
ment learning. Nature, 575(7782):350-354.
https://doi.org/10.1038/s41586-019-1724-z

Wang RD, He X, Yu RS, et al., 2020. Learning efficient
multi-agent communication: an information bottleneck
approach. Proc 37th Int Conf on Machine Learning,
p.9908-9918.

Wang Y, Cheng ZS, Xiao M, 2020. UAVs’ formation keeping
control based on multi-agent system consensus. IEEE
Access, 8:49000-49012.
https://doi.org/10.1109/ACCESS.2020.2979996

Wang YN, Xu T, Niu X, et al., 2022. STMARL: a spatio-
temporal multi-agent reinforcement learning approach
for cooperative traffic light control. IEEE Trans Mob
Comput, 21(6):2228-2242.
https://doi.org/10.1109/TMC.2020.3033782

Zhang KQ, Yang RZ, Başar T, 2021. Multi-agent rein-
forcement learning: a selective overview of theories and
algorithms. In: Vamvoudakis KG, Wan Y, Lewis FL,
et al. (Eds.), Derya Cansever Handbook of Reinforce-
ment Learning and Control. Springer, Cham, p.321-384.
https://doi.org/10.1007/978-3-030-60990-0_12

Zhang Y, Yang Q, 2018. An overview of multi-task learning.
Nat Sci Rev, 5(1):30-43.
https://doi.org/10.1093/nsr/nwx105

Zhou HY, Zhang HF, Zhou YS, et al., 2018. Botzone: an
online multi-agent competitive platform for AI educa-
tion. Proc 23rd Annual ACM Conf on Innovation and
Technology in Computer Science Education, p.33-38.
https://doi.org/10.1145/3197091.3197099

Zhuang FZ, Qi ZY, Duan KY, et al., 2021. A comprehensive
survey on transfer learning. Proc IEEE, 109(1):43-76.
https://doi.org/10.1109/JPROC.2020.3004555


	Introduction
	Task challenges
	Multi-agent environment construction
	Multi-agent collaboration
	Multi-agent communication
	Collaborative perception

	Multi-agent gaming
	Competitive environment modeling
	Competitive decision making


	Technology directions
	Digital environment construction
	Multi-modal perception and collaboration
	Multi-task learning and gaming

	Application areas
	Conclusions


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (sRGB IEC61966-2.1)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /DEU <>
    /ENU <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


