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We propose a entropy-base multi-agent inverse reinforcement learning method for constructing a multi-agent
simulation. By using multi-agent inverse reinforcement learning, we can estimate the agent’s behavior rule and the
reward reflecting the purpose of the agent. In this paper, we extend mximum discounted causal entropy to markov
game environment. Experimental results showed that the proposed method can estimate valid reward at small grid
world.
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4.1
Maximum discounted

causal entropy IRL[Zhou 18]( MDCE IRL )

Markov game Multi-agent MDCE IRL( M-

MDCE IRL ) (1) (5) M-

MDCE IRL

max
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Hπt,n,πE
−n
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s.t. fn,πE = fn,πt,n,πE
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πt,n(an|s) ≥ 0 ∀an ∈ An, s ∈ S, n ∈ N , t ≥ 0 (3)∑
an∈An

πt,n(an|s) = 1 ∀s ∈ S, n ∈ N , t ≥ 0 (4)
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(5)
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∏
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Algorithm 1

iteration

Ñ
MDCE IRL θn

Soft Q-Learning[Zhou 18]

πn π̃−n πE
−n

Algorithm 1 Multi-agent MDCE

Input: Markov Game\{Rn}n∈N
Input: Expert trajectories D
Output: reward weight {θn}n∈N

Initialize policies {πn}n∈N and {θn}n∈N

1: for iteration = 1, 2 . . . do
2: Ñ ← Selector(N )

3: θn ← MDCE(Dn, π̃−n) ∀n ∈ Ñ
4: πn ← SoftQ(θn, π̃−n) ∀n ∈ Ñ
5: π̃n ← Completation(πn,D) ∀n ∈ Ñ
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Algorithm 2 TD-base Soft Q-Laerning

1

Qsoft
θ (s, a) = θ�f(s, a) + γ
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s′∈S

T (s′|s, a)V soft
θ (s′) (9)

V soft
θ (s) = softmaxa∈AQsoft

θ (s, a) (10)

π (a|s) = exp
(
Qsoft

θ (s, a)− V soft
θ (s)

)
(11)

Algorithm 2 Soft Q-Learning

Input: reward weight θn, explore policy π, other agent’s

policy π̃−n

1: for t = 0, 1, 2, · · · do

2: Generate sample (st, at, st+1) from π, π̃−n

3: Qsoft
n (st, at,n) ← Qsoft

n (st, at,n) + ηt (st, at,n) ·
4:

[
θ�n fn (st, at) + γV soft

n (st+1)−Qsoft
n (st, at,n)

]
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