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ABSTRACT

Several multi-agent reinforcement learning (MARL) algorithms have achieved overwhelming results in recent
years. They have demonstrated their potential in solving complex problems in the field of real-time strategy
online games, robotics, and autonomous vehicles. However these algorithms face many challenges when
dealing with massive problem spaces in sparse reward environments. Based on the centralized training and
decentralized execution (CTDE) architecture, the MARL algorithms discussed in the literature aim to solve
the current challenges by formulating novel concepts of inter-agent modeling, credit assignment, multi-
agent communication, and the exploration-exploitation dilemma. The fundamental objective of this paper is
to deliver a comprehensive survey of existing MARL algorithms based on the problem statements rather than
on the technologies. We also discuss several experimental frameworks to provide insight into the use of these

algorithms and to motivate some promising directions for future research.
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1. Multi-agent particle environment

Multi—agent particle environmenti= Open Al
gym[30]= 7HEe 2 S " ofo|HE Zofe}
F8 45 ol ool E= 7124 =9 ¥
25}o] 5ok 22499] AHPartcle) Hef2 T
Ao, oo HE} s A o] w
AEe o4k 0w AR Slef, Tegt ool
o] e ] claet /)53 A2 e 444o] 7}
591, Bl A4 E 0% Pt g A
Uele. A7o] 7R, ALgA} gak Al
47 T4 4 o] heket A7 = RolA
o5 % Al B8elT ik, T 3 AT

il
N

ot mO
Kl

[7]-& ZFz23}0] Multi—agent particle environment
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A Agent 2

1
Listener

3
[ ]
® Agent 1
O

Speaker °
\
v N
M N
® Agent3 .

N
Landmark Ny

a) Cooperative communication b) Cooperative Navigation

Landmark

.wi\\ .4‘"'_
‘.‘ \\‘~, Agent 2
i ?”7 S~o

Obstacle

Predator2 __._

\ —- Agent 1
3 «-"" Predator 1 9
7

Adversary

l

Predator 3

c) Predator-prey d) Physical Deception

2! 3 Multi—agent particle environmentOj|A{2]
HE| ofl0|HE AlLf2|2 KA[7]
(a) Cooperative communication, (b) Cooperative navigation,
(c) Predator—prey, (d) Physical deception
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© 3(0):= predator—prey=. F2| AT A2 02
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2. StarCraft multi-agent challenge
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MARL(Multi-Agent Reinforcement Learning) 35tLt2| of
O|ME7} Ot C=of ofo|ME0 Chst Zstels L1e|E

CTDE(Centralized Training and Decentralized Execution)
HE| OOJHE Zatat0IMel F2 B WAOR, st BY
22 Aoz ZE O0|HES| HEE 0|&st1 M3 tHA0l|M=
ZhOf|0|ME2| HHTS 0|Fd}= Hal

M2[&tet(Credit Assignment) Ztsis50M stE 1 SO
A 2 BM2 Rt 2X. HE| ol0|HE dstetgolM=
O[0|ME 7t2| 7|0{=E Etlfst= 2X|= oA

ofo{ gzl

COMA COunterfactual Multi—Agent policy
gradient

CSMA Carrier Sense Multiple Access

CTDE Centralized Training and
Decentralized Execution

CTEDD  Centralized Training and Exploration
with Decentralized execution via
policy Distillation

DDPG Deep Deterministic Policy Gradient

DIAL Differentiable Inter—Agent Learning

EDTI Exploration via Decision—Theoretic

Influence
EITI Exploration via Information—
Theoretic Influence
HAMA Hierarchical graph Attention—based
Multi—agent Actor—critic
LIR Learning Individual Intrinsic Reward
MAAC Multi—Actor—Attention—Critic
MARL Multi—Agent Reinforcement Learning
MAVEN  Mult—Agent Variational Exploration
MF-RL  Mean Field Reinforcement Learning
SMAC StarCraft Multi—Agent Challenge
VDN Value Decomposition Networks
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