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Table3 Overview of MADRL challenges and approaches proposed in recent literature

@

@

®

@

Challenge

Approach

Literature

Non-stationarity

Communication

Coordination

Experience replay

Centralized training

Meta-learning
Broadcasting
Targeted
Networked
Extensions

Independent learners

Constructing models

Hierarchical methods

Foerster et al. (2017), Palmer et al. (2018), Tang et al. (2018), and Zheng et al. (2018a)

Bono et al. (2019), Foerster et al. (2016), Foerster et al. (2018b), Igbal and Sha (2019), Jorge et al. (2016),
Lowe et al. (2017), Rashid et al. (2018), and Wei et al. (2018)

Al-Shedivat et al. (2018), and Rabinowitz et al. (2018)

Foerster et al. (2016), Peng et al. (2017), and Sukhbaatar et al. (2016)

Das et al. (2019), Hoshen (2017), Jain et al. (2019), Jiang and Lu (2018), and Singh et al. (2019)

Chu et al. (2020}, Chu et al. (2020}, Qu et al. (2020), Zhang et al. (2018), and Zhang et al. (2019)

Celikyilmaz et al. (2018), Jaques et al. (2018), Jaques et al. (2019), Kim et al. (2019), Li et al. (2019b),
Singh et al. (2019), and Wang et al. (2020c)

Foerster et al. (2018b), Lyu and Amato (2020), Omidshafiei et al. (2017), Palmer et al. (2018), Palmer et al.
(2019), Sunehag et al. (2018), and Zheng et al. (2018a)

Barde et al. (2019), Everett and Roberts (2018), Foerster et al. (2018a), Foerster et al. (2019), Grover et al.
(2018), He et al. (2016), Hong et al. (2017), Hoshen (2017), Jaques et al. (2019), Le et al. (2017), Letcher
et al. (2019), Raileanu et al. (2018), Tacchetti et al. (2019), Yang et al. (2018a), and Zheng et al. (2018b)

Ahilan and Dayan (2019), Cai et al. (2013), Han et al. (2019), Jaderberg et al. (2019), Kumar et al. (2017),
Lee et al. (2020). Ma and Wu (2020). Tang et al. (2018). and Vezhnevets et al. (2019)

Credit assignment

Decomposition

Castellini et al. (2019), Chen et al. (2018), Nguyen et al. (2017b), Rashid et al. ;Z(HS}. Son et al. EZUI‘)}.
Snnehag et al. !2018:, Wang et al. (2020a), Wang et al. (2020c), Yang et al. (2018b)

() Scalability

@ Partial observability

Marginalization
Inverse RL

Knowledge Reuse

Complexity reduction

Foerster et al. (2018b), Nguyen et al. (2018), and f\-’u etal. (2018)
Barrett et al. (2017), Le et al. (2017), Lin et al. (2018), Song et al. (2018), and Yu et al. (2019)

Baker et al. (2020), Da Silva et al. (2017), Da Silva and Costa (2017), Gupta et al. (2017), Hernandez-
Leal et al. (2019), Jiang and Lu (2018), Long et al. (2020), Luketina et al. (2019), Narvekar et al. (2016).
Omidshafiei et al. (2019), Peng et al. (2017), Sukhbaatar et al. (2016), Sukhbaatar et al. (2017), Sunehag
et al. (2018), and Svetlik et al. (2017)

Chen et al. (2018), Lin et al. (2018), Nguyen et al. (2017a), Nguyen et al. (2017b), and Yang et al. (2018b)

Robustness Baker et al. (2020), Bansal et al. (2018), Berner et al. (2019), Gleave et al. (2020), Heinrich and Silver
(2016), Lanctot et al. (2017), Li et al. (2019a), Liu et al. (2020), Lowe et al. (2017), Pinto et al. (2017),
Raghu et al. (2018), Silver et al. (2016), Silver et al. (2018), Spooner and Savani (2020}, and Sukhbaatar
etal (2017)
Table 3 (continued)
Challenge Approach Literature

Memory mechanism

Dibangoye and Buffet (2018), Foerster et al. (2018b), Foerster et al. (2019), Gupta et al. (2017), and Omid-
shafiei et al. (2017)

Gronauer, S., & Diepold, K. (2022). Multi-agent deep reinforcement learning: a survey. Artificial Intelligence Review, 55(2), 895-943.
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VDN: Value-Decomposition Networks For Cooperative Multi-Agent Learning (2018, AAMAS)
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Value-Decomposition Networks For Cooperative Multi-Agent
Learning Based On Team Reward
Extended Abstract

Peter Sunehag, Guy Lever, Audrunas Gruslys, Wojciech Marian Czarnecki, Vinicius Zambaldi,
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Fully Centralized and Decentralized Approach
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Fully Centralized and Decentralized Approach
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Fully Centralized and Decentralized Approach
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Fully Centralized and Decentralized Approach
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Fully Centralized and Decentralized Approach
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Fully Centralized and Decentralized Approach
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Fully Centralized and Decentralized Approach
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Fully Centralized and Decentralized Approach
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Value-Decomposition Network (VDN)
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Sunehag, P., Lever, G., Gruslys, A., Czarnecki, W. M., Zambaldi, V., Jaderberg, M., ... & Graepel, T. (2017). Value-decomposition networks for cooperative multi-agent learning. arXiv preprint arXiv:1706.05296.

-30 -



Methods

Experiment 2
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Sunehag, P., Lever, G., Gruslys, A., Czarnecki, W. M., Zambaldi, V., Jaderberg, M., ... & Graepel, T. (2017). Value-decomposition networks for cooperative multi-agent learning. arXiv preprint arXiv:1706.05296.

- 31 -



Methods

QMIX: Monotonic Value Function Factorisation for Deep Multi-Agent Reinforcement Learning (2018, PMLR)
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Decentralized Execution Centralized Training

QMIX: Monotonic Value Function Factorisation for
Deep Multi-Agent Reinforcement Learning

Tabish Rashid *' Mikayel Samvelyan “?> Christian Schroeder de Witt '
Gregory Farquhar ' Jakob Foerster ' Shimon Whiteson !

Abstract

In many real-world settings, a team of agents must
coordinate their behaviour while acting in a de-
centralised way. At the same time, it is often
possible to train the agents in a centralised fash-
ion in a simulated or laboratory setting, where
global state information is available and communi-
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QMIX - Overall Architecture
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QMIX — Agent network
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QMIX - Mixing network
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QMIX - Mixing network
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QMIX - Mixing network

< QMIXE 00| E HERIA 2} mixing HIEQZZ 74
*  O|O0|ME HES A= 2 HO|HEL| 7HK| g=& At=5}
< Mixing HES$|3

= JHE OO|HES| 7HX| &2 H|EH o = ASSto TN 35 ds 71X &

)
= FILSE| SES EE

rot
rn
P
0x
1o 0
m[o
il
o
Of
o)
a¢]
)
m
N
10
ne
[
0x
jo
HT
[0)al

Q101 >0, Vac A | .Hypernetwork 7HX| 8= > H|MY g Qtot (Ta u’)

0Qu (Ek=4g HIF 271
Mixing Network ]4733
WQ._]i& e Al HE Tl t
n
;) Qu(T",uf)

|| / ° Qy (1, ul
w) argmax,1 Q1(77,u’)

argmax Qo (T,1) =

argmax, . G (7", u")

BE 0fo|HES| 5 HE|

Rashid, T., Samvelyan, M., Schroeder, C., Farquhar, G., Foerster, J., & Whiteson, S. (2018, July). QMIX: Monotonic Value Function Factorisation for Deep Multi-Agent Reinforcement Learning. In International Conference on Machine Learning (pp. 4295-4304). PMLR.

37 -



Methods

QMIX - Mixing network
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QTRAN: Learning to Factorize with Transformation for Cooperative Multi-Agent Reinforcement Learning
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QTRAN: Learning to Factorize with Transformation for
Cooperative Multi-Agent Reinforcement learning

Kyunghwan Son !

Abstract

We explore value-based solutions for multi-agent
reinforcement learning (MARL) tasks in the cen-
tralized training with decentralized execution
(CTDE) regime popularized recently. However,
VDN and QMIX are representative examples that
use the idea of factorization of the joint action-

Daewoo Kim' Wan Ju Kang' David Hostallero! Yung Yi'

neural networks, which can represent action-value functions
and policy functions in reinforcement learning problems
as a high-capacity function approximator. However, more
complex tasks such as robot swarm control and autonomous
driving, often modeled as cooperative multi-agent learning
problems, still remain unconquered due to their high scales
and operational constraints such as distributed execution.

Son, K., Kim, D., Kang, W. J., Hostallero, D. E., & Yi, Y. (2019, May). Qtran: Learning to factorize with transformation for cooperative multi-agent reinforcement learning. In International conference on machine learning (pp. 5887-5896). PMLR.
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QTRAN - Overall Architecture
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