E TR Electronics and Telecommunications Trends

e |l A A e -
ZE|0|0|HE Helets Jls 38
S S-S MY DY IS FAo2
Survey on Recent Advances in Multiagent Reinforcement Learning Focusing on

—LO 20
Decentralized Training with Decentralized Execution Framework

MHAEE (Y.H. Shin, shinyh1115@etri.re.kr) HEM2E Post-Doc.

M&L (S.W. Seo, seosw@etri.re.kr) HHEMEE Post-Doc.

{88 (B.H. Yoo, bhyoo@etri.re.kr) SRS HA Moloi1e
s (H.W. Kim, kimhw@etri.re.kr) ESIX|SOITAl 201041
338 (HJ. Song, songhj@etri.re.kr) SE5HR|SOLAl ZHOIO| 19 / ALK}
O|M¥ (S.Yi, sungyi@etri.re.kr) HEFSHE MO0 /AR
ABSTRACT

The importance of the decentralized training with decentralized execution (DTDE) framework is well-known
in the study of multiagent reinforcement learning. In many real-world environments, agents cannot share
information. Hence, they must be trained in a decentralized manner. However, the DTDE framework has been
less studied than the centralized training with decentralized execution framework. One of the main reasons is
that many problems arise when training agents in a decentralized manner. For example, DTDE algorithms are
often computationally demanding or can encounter problems with non-stationarity. Another reason is the lack
of simulation environments that can properly handle the DTDE framework. We discuss current research trends

in the DTDE framework.
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MARL(Multi-Agent Reinforcement Learning) C4=2| 0{|0]
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CTDE(Centralized Training with Decentralized Execution)
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DTDE(Decentralized Training with Decentralized
Execution) OO|ME 7t HE W& ¢lO| a5t A Aloj=
Y WFE ofX| Y= HE|MO|ME Zatsts

ofy Ee

CTDE Centralized Training with
Decentralized Execution

DTDE Decentralized Training with
Decentralized Execution

HQL Hysteric Q-Learning

IA2C Independent synchronous Advantage
Actor-Ciritic

IPPO Independent Proximal Policy

Optimization

Independent Q-Learning

LBF Level-Based Foraging

LDQN Lenient Deep Q-Network

MARL Multi-Agent Reinforcement Learning
MPE Multi-Agent Particle Environment
RWARE Multi-RobotWAREhouse

SIPPO Staged IPPO

SIQL Staged IQL

SMAC StarCraft Multi-Agent Challenge
IS

[1 L. Busoniu et al., “A Comprehensive survey of
multiagent reinforcement learning,” IEEE Trans. Syst.
Man, Cybern. C, Appl. Rev., vol. 38, no. 2, 2008, pp.
156-172.

2] |4 2, “HE OOIME LatetE Vg S

™

R

(3]

(4]

(5]

(6]

(7]

8l

[9]

[10]

(1]

(2]

(3]

[14]

[15]

[16]

TXSUSEEM X387 M4z 20231 8%

=4, 353 M6z, 2020, pp. 137-149.

S. Gronauer and K. Diepold, “Multi-agent deep
reinforcement learning: A survey,” Artif. Intell. Rev., vol.
55, no. 2, 2022, pp. 895-943.

H. Nekoei et al., “Dealing with non-stationarity
in decentralized cooperative multi—agent deep
reinforcement learning via multi-timescale learning,”
arXiv preprint, CoRR, 2023, arXiv: 2302.02792.

G. Papoudakis et al., “Benchmarking multi-agent deep
reinforcement learning algorithms in cooperative tasks,”
in Proc. Neural Inform. Process. (Virtual), 2021.

J. Foerster et al., “Counterfactual multi-agent policy
gradients,” Proc. AAAI Conf. Artif. Intell., vol. 32, no. 1,
2020.

T. Rashid et al., “OMIX: Monotonic value function
factorisation for deep multi—agent reinforcement
learning,” in Proc. Int. Conf. Mach. Learn., (Stockholm,
Sweden), July 2018.

P. Hernandez-Leal et al., “A survey of learning
in multiagent environments: Dealing with non-
stationarity,” arXiv preprint, CoRR, 2016, arXiv:
1707.09183.

M. Tan, “Multi-agent reinforcement learning:
Independent vs. cooperative agents,” in Proc. Int. Conf.
Mach. Learn., (Amherst, MA, USA), 1993, pp. 330-337.

V. Mnih et al., “Playing atari with deep reinforcement
learning,” arXiv preprint, CoRR, 2013, arXiv: 1312.5602.

T. Chu et al., “Multi-agent deep reinforcement learning
for large—scale traffic signal control,” IEEE Trans. Itell.
Transportation Syst., vol. 21, no. 3, 2020, pp. 1086-
1095.

C. Witt et al., “Is independent learning all you need in
the StarCraft multi-agent challenge?,” arXiv preprint,
CoRR, 2020, arXiv: 2011.09533.

V. Mnih et al., “Asynchronous methods for deep
reinforcement learning,” in Proc. Int. Conf. Mach.
Learn., (New York, NY, USA), June 2016,

J. Schulman et al., “Proximal policy optimization
algorithms,” arXiv preprint, CoRR, 2017, arXiv:
1707.06347.

H. Nekoei et al., “Staged independent learning: Towards
decentralized cooperative multi—agent reinforcement
learning,” in Proc. Int. Conf. Mach. Learn., (Virtual), Apr.
2022.

L. Matignon et al., “Hysteretic g-learning: An algorithm
for decentralized reinforcement learning in cooperative
multi-agent teams,” in Proc. IEEE/RSJ Int. Conf. Intell.
Robots Syst., (San Diego, CA, USA), Oct. 2007, pp. 64~
69.



(17]

(18]

[19]

[20]

MEE Q| / ZEIOOIME AtetE Il S8

G. Palmer et al., “Lenient multi—agent deep
reinforcement learning,” in Proc. Int. Conf. Auton.
Agents MultiAgent Syst., (Stockholm, Sweden), July
2018, pp. 443-451.

J. Jiang et al., “I12Q: A fully decentralized Q-learning
algorithm,” in Proc. Neural Inform. Process., (New
Orleans, LA, USA), Nov. 2022.

S. Omidshafiei et al., “Deep decentralized multi-
task multi-agent reinforcement learning under partial
observability,” in Proc. Int. Conf. Mach. Learn., (Sydney,
Australia), Aug. 2017, pp. 2681-2690.

W. Li et al., “F2A2: Flexible fully-decentralized

(21]

[22]

(23]

- U DY AR3E FHeR

103

approximate actor—critic for cooperative multi—agent
reinforcement learning,” arXiv preprint, CoRR, 2020,
arXiv: 2004.11145.

M. Samvelyan et al., “The starcraft multi-agent
challenge,” arXiv preprint, CoRR, 2019, arXiv:
1902.04043.

G. Brockman et al., “OpenAl gym,” arXiv preprint,
CoRR, 2016, arXiv: 1606.01540.

F. Christianos et al., “Shared experience actor-critic for
multi-agent reinforcement learning,” in Proc. Neural
Inform. Process. Syst., (Vancouver, Canada), Dec. 2020,
pp. 10707-10717.



