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Revisiting Some Common
Practices in Cooperative Multi-
Agent Reinforcement Learning
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* Value Decomposition (VD)
* The most popular framework
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Background

« Paradigms for tackling cooperative MARL
* Value Decomposition (VD)

* The most popular framework

* VDN, QMIX, QPLEX, etc
* Policy Gradient (PG)
« COMA
 Less popular due to the on-policy fashion

« Empirically, PPO can achieve strong performance ?
« Common practice: policy sharing among agents
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Permutation Game

* N-player permutation game
 Action space {1,..., N}
 Reward=1 if and only if the joint action is a permutation over N
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Value decomposition (VD) methods can fail

* Theorem 4.1. Value decomposition (VD) cannot represent the
underlying global O-function in the 2-player Permutation game.

Agent 2
Qtot(al» aZ) = fmix(Ql (al): Q- (az)) : 0 1
g
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Value decomposition (VD) methods can fail

* Theorem 4.1. Value decomposition (VD) cannot represent the
underlying global O-function in the 2-player Permutation game.

Agent 2
Qtot(al» aZ) = fmix(Ql (al): Q- (az)) : 0 1
o
 |ntuition <CED 1 0

* to satisfy the Individual Global Max (IGM) property
* Q0+ Cannot represent two symmetric and equally optimal modes
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Value decomposition (VD) methods can fail

* Theorem 4.1. Value decomposition (VD) cannot represent the
underlying global O-function in the 2-player Permutation game.
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Agent-specific policy gradient (PG) methods provably converges

* Theorem 4.2. Shared policy learning (PG-sh) cannot learn
an optimal policy for the 2-player Permutation game.
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* Theorem 4.2. Shared policy learning (PG-sh) cannot learn
an optimal policy for the 2-player Permutation game.

* Theorem 4.3 & 4.4. Agent-specific policy learning via
stochastic policy gradient can represent and learn an
optimal policy in the 2-player Permutation game.
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« Agent-specific policy learning converges to a random mode

Can we learn a single policy that cover all the optimal modes?
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 Factorized representation of agent-specigilc learning
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m(a’,..,a" o, ..,0") = mi(a | o) Expressiveness

=1
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An auto-regressive policy can cover all modes

« Agent-specific policy learning converges to a random mode

Can we learn a single policy that cover all the optimal modes?

 Factorized representation of agent-specif;ilc learning

r(a’,..,a”lo",..,0") = ‘ ‘ni(a | 0")  Expressiveness
i=1
 Auto-regressive (AR) modeling

1 n 1 nY ~ (Al i 1 i—1 Stronger
n(a+,..,a" | o", .., 0™") ‘ ‘nl(a | oY, a',...,a"™ ") Exprosslveness
i=1 Minimal
Assumption
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« Agent-specific policy learning converges to a random mode
Can we learn a single policy that cover all the optimal modes?

 Mode coverage in the 4-player permutation game
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Learning for Higher Rewards
StarCraft Multi-Agent Challenge and Google Research Footbhall

* Intuitively multi-modal

Map PG-ID PG-sh. PG-Ind. RODE
d S MAC 13552 100.000.0) 97.4(1.0) 99.1(0.7)  100.0(0.0)
A ¢ ific PG ¢ f 253z 100.00.7)  99.0(0.5) 99.1(0.9)  100.0(0.0)
° - 3s_vs_5z 100.000.6) 967(1.8) 93.8(1.8)  78.9(4.2)
gent-speciric outperiorms 3552 96.9(0.7)  95.2(15) 80.4(33)  93.8(2.0)
the SOTA VD method (Ro D E) on 35z vs 3s6z  84.4(34.0) 423(4.0) 37.8(56) 96.8(25.1)
5m_vs_6m 89.1(2.5)  353(2.1) 444(29) 71.1092)
9 / 1 0 maps 6h_vs_8z 88.3(3.7) 799(48) 114(25) 78.1(37.0)
10m_vs_1lm  96.9(4.8) 865(23) 784(27)  953(2.2)
corridor 100.0(1.2)  92.6(24) 822(1.8)  65.6(32.1)
° G R F MMM?2 90.6(2.8) 923(1.9) 13.03.7)  89.8(6.7)

* Agent-speCIflc PG outperform the Scenario PG-1ID PG-Ind. CDS(QMIX) CDS(QPLEX)

SOTA VD method (CDS) in 5/6 3vl 90.7(1.5)  902(L7)  73.7(3.4) 83.6(4.0)

B CA(Easy)  79.5(6.7)  92.4(2.6) 43.0(5.6) 40.4(4.8)
scenarios CA(Hard)  68.2(2.0) 67.8(3.4) 35.4(2.9) 34.8(3.4)
Corner 27.3(1.3)  21.6(2.4) 1.8(0.3) 20.8(1.7)

PS 43.4(8.8)  53.3(3.5) 83.5(4.0) 86.8(1.9)

RPS 66.6(3.1)  78.8(1.5) 65.5(7.0) 75.1(2.4)
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Learning for Multi-Modal Behavior a ICML

StarCraft Multi-Agent Challenge and Google Research Football

e Mo0:25 N FRQWO ™2 N RBAY O™

Marines keep standing and perform attacks "Tiki-Taka" style behavior: each player keeps
alternately while ensuring there is only one passing the ball to their teammates.
attacking marine at each timestep.
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Conclusion & Takeaways

* In environments with a multi-modal reward function

« VD and policy sharing can lead to unsatisfactory behaviors
- Agent-specific PG can be preferred!

* learning higher rewards
* learning multi-modal behavior

* Regarding PG implementation in MARL, we suggest ...
« including the agent-specific information
* learning an AR policy for emergent behavior

12 /13
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Thank you for your attention!

Check our paper website at

https://sites.google.com/view/revisiting-marl.

Correspondence to: Wei Fu <fuwth17@gmail.com>, Y1 Wu <jxwuyi@gmail.com>.



