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Motivation
• By definition, the performance of RL agents heavily relies on the
quality of reward functions.

• In many real-world scenarios, especially in multi-agent settings,
hand-tuning informative reward functions can be very challenging.
• Solution: learning from expert demonstrations!
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Motivation
• Imitation learning does not recover reward functions.
• Behavior Cloning

• Generative Adversarial Imitation Learning [Ho & Ermon, 2016]
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• Imitation learning does not recover reward functions.
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• Generative Adversarial Imitation Learning [Ho & Ermon, 2016]
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Motivation
• Why should we care reward learning?
• Scientific inquiry: human and animal behavioral study, inferring

intentions, etc.
• Presupposition: reward function is considered to be the most succinct,
robust and transferable description of the task. [Abbeel & Ng, 2014]

• Re-optimizing policies in new environments, debugging and analyzing
imitation learning algorithms, etc.

• These properties are even more desirable in the multi-agent settings.
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Preliminaries
• Single-Agent Inverse RL
• Basic principle: find a reward function that explains the expert behaviors.
(ill-defined)

• Maximum Entropy Inverse RL (MaxEnt IRL) provides a general
probabilistic framework to solve the ambiguity.

• Maximum Entropy Inverse RL (MaxEnt IRL) provides a general
probabilistic framework to solve the ambiguity.

where is the partition function.
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Preliminaries
• Single-Agent Inverse RL
• Adversarial Inverse RL (AIRL) provides an efficient sampling-based
approximation to MaxEnt IRL.

• Special discriminator structure:

• Train the policy (generator) with .
• Under certain conditions, is guaranteed to recover the ground-
truth reward up to a constant.
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Preliminaries
• Markov Games [Littman, 1994]: A multi-agent generalization to
markov decision process.
• Agent number
• State space
• Action spaces
• Transition dynamics
• Initial state distribution

S
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Preliminaries
• Solution Concepts to Markov Games
• Correlated equilibrium (CE) [Aumann, 1974]: A joint strategy profile, where 

no agent can achieve higher expected reward through unilaterally 
changing its own policy.

• Nash equilibrium (NE) [Hu et al, 1998]: A more restrictive equilibrium which
further requires agents’ actions in each state to be independent.

• Incompatible with MaxEnt IRL.



Preliminaries
• Solution Concepts to Markov Games
• Logistic quantal response equilibrium (LQRE) [McKelvey & Palfrey, 1995; 1998]:

A stochastic generalization to NE and CE.
• LQRE is a joint strategy profile satisfying the set of constraints:

• Existing optimality notions do not explicitly define a tractable joint
strategy profile, which we can use to maximize the likelihood of
expert demonstrations.



Method
• Logistic Stochastic Best Response Equilibrium
• Motivated by LQRE, Gibbs sampling [Hastings, 1970], dependency networks
[Heckerman et al, 2000] and best response dynamics [Nisan et al, 2011].



Method
• Logistic Stochastic Best Response Equilibrium
• Single-shot normal-form game: Consider a Markov chain over ,

where the state of the markov chain at step is denoted .

• Because the markov chain is ergodic, it admits a unique stationary joint policy,
which we call a LSBRE for normal-form game.
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<latexit sha1_base64="tgIj26ZWcA3amFO+MGSWQOuZURM=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Kkkt6LHgxWML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8pAzaqzUnAxKZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGtn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppVyvedaXarJXrtTyOApzDBVyBBzdQh3toQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwBz52M5Q==</latexit>

z(k) = (z1, · · · , zN )(k)
<latexit sha1_base64="pqxlNX+9M8hJ1g9ojSFWK47KS1Q=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0VosZSkFnQjFNy4kgr2AU0Nk+mkHTp5MDMR2pCPcOOvuHGhiFsX7vwbJ20W2npg4HDOvdw5xwkZFdIwvrXcyura+kZ+s7C1vbO7p+8ftEUQcUxaOGAB7zpIEEZ90pJUMtINOUGew0jHGV+lfueBcEED/05OQtL30NCnLsVIKsnWTy0PyZHjxtPkPi6Nywm8hKWpbVaghQeBFBU4tW/Kc8vWi0bVmAEuEzMjRZChaetf1iDAkUd8iRkSomcaoezHiEuKGUkKViRIiPAYDUlPUR95RPTjWagEnihlAN2Aq+dLOFN/b8TIE2LiOWoyjSAWvVT8z+tF0r3ox9QPI0l8PD/kRgzKAKYNwQHlBEs2UQRhTtVfIR4hjrBUPRZUCeZi5GXSrlXNs2rttl5s1LM68uAIHIMSMME5aIBr0AQtgMEjeAav4E170l60d+1jPprTsp1D8Afa5w/jaJzD</latexit>

...……......
aN�1

<latexit sha1_base64="v+f/aYPxsRvWslafPnFr4Gd9Ofc=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSS1oMeCF09SwX5AG8pku2mXbjZhdyOU0B/hxYMiXv093vw3btsctPXBwOO9GWbmBYng2rjut7O2vrG5tV3YKe7u7R8clo6OWzpOFWVNGotYdQLUTHDJmoYbwTqJYhgFgrWD8e3Mbz8xpXksH80kYX6EQ8lDTtFYqY397P7Sm/ZLZbfizkFWiZeTMuRo9EtfvUFM04hJQwVq3fXcxPgZKsOpYNNiL9UsQTrGIetaKjFi2s/m507JuVUGJIyVLWnIXP09kWGk9SQKbGeEZqSXvZn4n9dNTXjjZ1wmqWGSLhaFqSAmJrPfyYArRo2YWIJUcXsroSNUSI1NqGhD8JZfXiWtasW7qlQfauV6LY+jAKdwBhfgwTXU4Q4a0AQKY3iGV3hzEufFeXc+Fq1rTj5zAn/gfP4AsjWPGg==</latexit>

a2
<latexit sha1_base64="Ec0V4M5VJcS9H1HCKGU89B9fOjI=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4Kkkt6LHgxWMF0xbaUDbbSbt0swm7G6GE/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/nY3Nre2d3dJeef/g8Oi4cnLa1kmmGPosEYnqhlSj4BJ9w43AbqqQxqHATji5m/udJ1SaJ/LRTFMMYjqSPOKMGiv5dJDXZ4NK1a25C5B14hWkCgVag8pXf5iwLEZpmKBa9zw3NUFOleFM4KzczzSmlE3oCHuWShqjDvLFsTNyaZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnnZMgVMiOmllCmuL2VsDFVlBmbT9mG4K2+vE7a9Zp3Xas/NKrNRhFHCc7hAq7Agxtowj20wAcGHJ7hFd4c6bw4787HsnXDKWbO4A+czx+rq46M</latexit>

a3
<latexit sha1_base64="BP53D1IpypxAELhPBK/HQ3jhrnU=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nagh4LXjxWMG2hDWWy3bZLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwkRwbVz32ylsbe/s7hX3SweHR8cn5dOzto5TRZlPYxGrboiaCS6Zb7gRrJsohlEoWCec3i38zhNTmsfy0cwSFkQ4lnzEKRor+TjI6vNBueJW3SXIJvFyUoEcrUH5qz+MaRoxaahArXuem5ggQ2U4FWxe6qeaJUinOGY9SyVGTAfZ8tg5ubLKkIxiZUsaslR/T2QYaT2LQtsZoZnodW8h/uf1UjO6DTIuk9QwSVeLRqkgJiaLz8mQK0aNmFmCVHF7K6ETVEiNzadkQ/DWX94k7VrVq1drD41Ks5HHUYQLuIRr8OAGmnAPLfCBAodneIU3RzovzrvzsWotOPnMOfyB8/kDrTCOjQ==</latexit>

aN
<latexit sha1_base64="xRKkQeskeVxEbjV/hwOgPVUwf30=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lqQY8FL56kgv2ANpTNdtMu3WzC7kQoob/BiwdFvPqDvPlv3LY5aOuDgcd7M8zMCxIpDLrut1PY2Nza3inulvb2Dw6PyscnbROnmvEWi2WsuwE1XArFWyhQ8m6iOY0CyTvB5Hbud564NiJWjzhNuB/RkRKhYBSt1KKD7H42KFfcqrsAWSdeTiqQozkof/WHMUsjrpBJakzPcxP0M6pRMMlnpX5qeELZhI54z1JFI278bHHsjFxYZUjCWNtSSBbq74mMRsZMo8B2RhTHZtWbi/95vRTDGz8TKkmRK7ZcFKaSYEzmn5Oh0JyhnFpCmRb2VsLGVFOGNp+SDcFbfXmdtGtV76pae6hXGvU8jiKcwTlcggfX0IA7aEILGAh4hld4c5Tz4rw7H8vWgpPPnMIfOJ8/1jeOqA==</latexit>

z(k)2
<latexit sha1_base64="l+r6os6bQcS1OA6couVrhu6GD38=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuLeix4MVjBfsh7VqyabYNTbJLkhXq0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9SpVkk78wkpr7AQ8lCRrCx0v1Tv/qQlsfn036x5FbcOdAq8TJSggyNfvGrN4hIIqg0hGOtu54bGz/FyjDC6bTQSzSNMRnjIe1aKrGg2k/nB0/RmVUGKIyULWnQXP09kWKh9UQEtlNgM9LL3kz8z+smJrzyUybjxFBJFovChCMTodn3aMAUJYZPLMFEMXsrIiOsMDE2o4INwVt+eZW0qhXvolK9rZXqtSyOPJzAKZTBg0uoww00oAkEBDzDK7w5ynlx3p2PRWvOyWaO4Q+czx8Z5Y/n</latexit> z(k)N

<latexit sha1_base64="jTGIYhOg/XAOEgydYoK556E86Is=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSLUS9mtBT0WvHiSCvZD2rVk02wbmmSXJCvUpb/CiwdFvPpzvPlvTNs9aOuDgcd7M8zMC2LOtHHdb2dldW19YzO3ld/e2d3bLxwcNnWUKEIbJOKRagdYU84kbRhmOG3HimIRcNoKRldTv/VIlWaRvDPjmPoCDyQLGcHGSvdPvZuHtDQ6m/QKRbfszoCWiZeRImSo9wpf3X5EEkGlIRxr3fHc2PgpVoYRTif5bqJpjMkID2jHUokF1X46O3iCTq3SR2GkbEmDZurviRQLrccisJ0Cm6Fe9Kbif14nMeGlnzIZJ4ZKMl8UJhyZCE2/R32mKDF8bAkmitlbERlihYmxGeVtCN7iy8ukWSl75+XKbbVYq2Zx5OAYTqAEHlxADa6hDg0gIOAZXuHNUc6L8+58zFtXnGzmCP7A+fwBRP2QAw==</latexit>

z(k)1
<latexit sha1_base64="IRIL4XR82P8cLtcx8gD5bpLihT0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuLeix4MVjBfsh7VqyabYNTbJLkhXq0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9SpVkk78wkpr7AQ8lCRrCx0v1T33tIy+Pzab9YcivuHGiVeBkpQYZGv/jVG0QkEVQawrHWXc+NjZ9iZRjhdFroJZrGmIzxkHYtlVhQ7afzg6fozCoDFEbKljRorv6eSLHQeiIC2ymwGellbyb+53UTE175KZNxYqgki0VhwpGJ0Ox7NGCKEsMnlmCimL0VkRFWmBibUcGG4C2/vEpa1Yp3Uane1kr1WhZHHk7gFMrgwSXU4QYa0AQCAp7hFd4c5bw4787HojXnZDPH8AfO5w8YW4/m</latexit>

z(k+1)
1 ⇠ P (a1|a�1 = z(k)�1) =

exp(�r1(a1, z
(k)
�1))P

a0
1
exp(�r1(a01, z

(k)
�1))

<latexit sha1_base64="v8eSzIJxnCyu8uooPFyQJWadB+I="></latexit>



Method
• Logistic Stochastic Best Response Equilibrium
• Markov game: Consider markov chains over , where the 

state of the   markov chain at step is .
• For , we recursively define the markov chain with the

following update rule:

• We define the unique stationary joint distribution of the markov chains as
LSBRE strategy profiles:

T<latexit sha1_base64="7zpftZzZ+yjWL4w30Iid2NJsf14=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexGUY8BLx4TyAuSJcxOepMxs7PLzKwQQr7AiwdFvPpJ3vwbJ8keNLGgoajqprsrSATXxnW/ndzG5tb2Tn63sLd/cHhUPD5p6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8P/fbT6g0j2XDTBL0IzqUPOSMGivVG/1iyS27C5B14mWkBBlq/eJXbxCzNEJpmKBadz03Mf6UKsOZwFmhl2pMKBvTIXYtlTRC7U8Xh87IhVUGJIyVLWnIQv09MaWR1pMosJ0RNSO96s3F/7xuasI7f8plkhqUbLkoTAUxMZl/TQZcITNiYgllittbCRtRRZmx2RRsCN7qy+ukVSl7V+VK/bpUvcniyMMZnMMleHALVXiAGjSBAcIzvMKb8+i8OO/Ox7I152Qzp/AHzucPrVuM0A==</latexit>

(A1 ⇥ · · · AN )|S|
<latexit sha1_base64="ilJJSyN3QRI/O3VAeEuQtFDtocE=">AAACJHicbVDJSgNBEO2JW4zbqEcvjUGIlzATAwpeIl48SUSzQCaGnk4nadKz0F0jhMl8jBd/xYsHFzx48VvsLEhMLGj68V4V9eq5oeAKLOvLSC0tr6yupdczG5tb2zvm7l5VBZGkrEIDEci6SxQT3GcV4CBYPZSMeK5gNbd/OdJrD0wqHvh3MAhZ0yNdn3c4JaCplnmeczwCPUpEfJG0bOwA95jCDm0HoL8Z7fr4Ph7+ErfJMGmZWStvjQsvAnsKsmha5Zb57rQDGnnMByqIUg3bCqEZEwmcCpZknEixkNA+6bKGhj7RVprx+MgEH2mmjTuB1M8HPGZnJ2LiKTXwXN05MqnmtRH5n9aIoHPWjLkfRsB8OlnUiQSGAI8Sw20uGQUx0IBQybVXTHtEEgo614wOwZ4/eRFUC3n7JF+4KWZLxWkcaXSADlEO2egUldAVKqMKougRPaNX9GY8GS/Gh/E5aU0Z05l99KeM7x/D/KWB</latexit>

t-th
<latexit sha1_base64="Z+7y9IsOCA/l+dTpqY+8VZaf1cA=">AAAB8nicbVDLSgNBEJz1GeMr6tHLYBC8GHYjqMeAF48RzAOSJcxOZrND5rHM9AphyWd48aCIV7/Gm3/jJNmDJhY0FFXddHdFqeAWfP/bW1vf2NzaLu2Ud/f2Dw4rR8dtqzNDWYtqoU03IpYJrlgLOAjWTQ0jMhKsE43vZn7niRnLtXqEScpCSUaKx5wScFKvz2Sa5HAJyXRQqfo1fw68SoKCVFGB5qDy1R9qmkmmgApibS/wUwhzYoBTwablfmZZSuiYjFjPUUUks2E+P3mKz50yxLE2rhTgufp7IifS2omMXKckkNhlbyb+5/UyiG/DnKs0A6boYlGcCQwaz/7HQ24YBTFxhFDD3a2YJsQQCi6lsgshWH55lbTrteCqVn+oVxvXRRwldIrO0AUK0A1qoHvURC1EkUbP6BW9eeC9eO/ex6J1zStmTtAfeJ8/f6yRWQ==</latexit>

k
<latexit sha1_base64="4VMQ86Bt3gZG37t8tODNC56piw0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqqMeCF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5rhfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQlv/IzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpXHUYQTOIVz8OAa6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f0DeM5w==</latexit>

{zt,(k)i : S ! Ai}Ni=1
<latexit sha1_base64="qnSAOSv5tGeQwm7nUl7yR6KzThg="></latexit>

t 2 [T, . . . , 1]
<latexit sha1_base64="iZaqTjckF1CTLeU+ZOUzVOSi/Vc=">AAAB/HicbVBNSwMxEM3Wr1q/qj16CRbBQym7VdRjwYvHCv2CdinZbNqGZpMlmRXKUv+KFw+KePWHePPfmLZ70NYHA4/3ZpiZF8SCG3Ddbye3sbm1vZPfLeztHxweFY9P2kYlmrIWVULpbkAME1yyFnAQrBtrRqJAsE4wuZv7nUemDVeyCdOY+REZST7klICVBsUS4D6XuNes9EWowFSw5w+KZbfqLoDXiZeRMsrQGBS/+qGiScQkUEGM6XluDH5KNHAq2KzQTwyLCZ2QEetZKknEjJ8ujp/hc6uEeKi0LQl4of6eSElkzDQKbGdEYGxWvbn4n9dLYHjrp1zGCTBJl4uGicCg8DwJHHLNKIipJYRqbm/FdEw0oWDzKtgQvNWX10m7VvUuq7WHq3L9Oosjj07RGbpAHrpBdXSPGqiFKJqiZ/SK3pwn58V5dz6WrTknmymhP3A+fwC+BJN/</latexit>

t-th
<latexit sha1_base64="Z+7y9IsOCA/l+dTpqY+8VZaf1cA=">AAAB8nicbVDLSgNBEJz1GeMr6tHLYBC8GHYjqMeAF48RzAOSJcxOZrND5rHM9AphyWd48aCIV7/Gm3/jJNmDJhY0FFXddHdFqeAWfP/bW1vf2NzaLu2Ud/f2Dw4rR8dtqzNDWYtqoU03IpYJrlgLOAjWTQ0jMhKsE43vZn7niRnLtXqEScpCSUaKx5wScFKvz2Sa5HAJyXRQqfo1fw68SoKCVFGB5qDy1R9qmkmmgApibS/wUwhzYoBTwablfmZZSuiYjFjPUUUks2E+P3mKz50yxLE2rhTgufp7IifS2omMXKckkNhlbyb+5/UyiG/DnKs0A6boYlGcCQwaz/7HQ24YBTFxhFDD3a2YJsQQCi6lsgshWH55lbTrteCqVn+oVxvXRRwldIrO0AUK0A1qoHvURC1EkUbP6BW9eeC9eO/ex6J1zStmTtAfeJ8/f6yRWQ==</latexit>



Method
• Multi-Agent Adversarial Inverse RL
• By parameterizing the reward functions with , the trajectory distribution
under LSBRE is given by:

• Maximizing the likelihood of expert demonstrations corresponds to:

!
<latexit sha1_base64="2KfkJ5rul2iORja3LVvySE+BvsU="></latexit>



Method
• Multi-Agent Adversarial Inverse RL

• Bridging the optimization of joint likelihood and each conditional

likelihood withmaximum pseudolikelihood estimation (Theorem 2):

Let be i.i.d. sampled from LSBRE induced by some unknown

reward function.

Suppose that is differentiable w.r.t. .
Then as , with probability tending to 1, the equation

has a root that tends to be the maximizer of joint likelihood.

⌧1, . . . , ⌧M
<latexit sha1_base64="fJMHuYlAqvVA/0zpsPKqHtezo68=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXEiZqQVdFty4ESrYB3SGIZNJ29DMg+SOUMYu/BU3LhRx62+482/MtLPQ1gMhJ+fcy705fiK4Asv6Nkorq2vrG+XNytb2zu6euX/QUXEqKWvTWMSy5xPFBI9YGzgI1kskI6EvWNcfX+d+94FJxePoHiYJc0MyjPiAUwJa8swjB0jq2efYEUEMSt/5+9Yzq1bNmgEvE7sgVVSg5ZlfThDTNGQRUEGU6ttWAm5GJHAq2LTipIolhI7JkPU1jUjIlJvN9p/iU60EeBBLfSLAM/V3R0ZCpSahrytDAiO16OXif14/hcGVm/EoSYFFdD5okAoMMc7DwAGXjIKYaEKo5HpXTEdEEgo6sooOwV788jLp1Gv2Ra1+16g2G0UcZXSMTtAZstElaqIb1EJtRNEjekav6M14Ml6Md+NjXloyip5D9AfG5w+QgpUf</latexit>

⇡t
i(a

t
i|at�i, s

t;!i)
<latexit sha1_base64="ZlhT611+hJ5MEtNOXI/hNWwf40w=">AAACGHicbVDLSgMxFM34tr6qLt0Ei6CgdaYWFNwIblwq2Ad06nAnzdTQzIPkjlDGfoYbf8WNC0XcuvNvzLRdaOuBhJNz7iX3Hj+RQqNtf1szs3PzC4tLy4WV1bX1jeLmVl3HqWK8xmIZq6YPmksR8RoKlLyZKA6hL3nD713mfuOBKy3i6Bb7CW+H0I1EIBigkbzisZuIO/TEPuT3oxsC3vtBBgPzzI7E4JDqOzynbhzyLnjiwCuW7LI9BJ0mzpiUyBjXXvHL7cQsDXmETILWLcdOsJ2BQsEkHxTcVPMEWA+6vGVoBCHX7Wy42IDuGaVDg1iZEyEdqr87Mgi17oe+qcwH15NeLv7ntVIMztqZiJIUecRGHwWppBjTPCXaEYozlH1DgClhZqXsHhQwNFkWTAjO5MrTpF4pOyflyk21dFEdx7FEdsgu2ScOOSUX5Ipckxph5Im8kDfybj1br9aH9TkqnbHGPdvkD6yvH5yFoA0=</latexit>

!i
<latexit sha1_base64="v6OMI4j1sZsCb2Y0PV8n/ZXQehE=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKezGgB4DXjxGMA9IljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KEs6M9f1vr7CxubW9U9wt7e0fHB6Vj0/aRqWa0BZRXOluhA3lTNKWZZbTbqIpFhGnnWhyO/c7T1QbpuSDnSY0FHgkWcwItk7q9pWgIzxgg3LFr/oLoHUS5KQCOZqD8ld/qEgqqLSEY2N6gZ/YMMPaMsLprNRPDU0wmeAR7TkqsaAmzBb3ztCFU4YoVtqVtGih/p7IsDBmKiLXKbAdm1VvLv7n9VIb34QZk0lqqSTLRXHKkVVo/jwaMk2J5VNHMNHM3YrIGGtMrIuo5EIIVl9eJ+1aNbiq1u7rlUY9j6MIZ3AOlxDANTTgDprQAgIcnuEV3rxH78V79z6WrQUvnzmFP/A+fwALjo/t</latexit>

M ! 1
<latexit sha1_base64="pc7wL1BuI4Re4hT0Z+Y0knid5ZM=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKezGgB4DXrwIEcwDsiHMTmaTIbOzy0yvsCz5DS8eFPHqz3jzb5w8DppY0FBUddPdFSRSGHTdb6ewsbm1vVPcLe3tHxwelY9P2iZONeMtFstYdwNquBSKt1Cg5N1EcxoFkneCye3M7zxxbUSsHjFLeD+iIyVCwShayb8nPsbEFyrEbFCuuFV3DrJOvCWpwBLNQfnLH8YsjbhCJqkxPc9NsJ9TjYJJPi35qeEJZRM64j1LFY246efzm6fkwipDEsbalkIyV39P5DQyJosC2xlRHJtVbyb+5/VSDG/6uVBJilyxxaIwlcT+OQuADIXmDGVmCWVa2FsJG1NNGdqYSjYEb/XlddKuVb2rau2hXmnUl3EU4QzO4RI8uIYG3EETWsAggWd4hTcndV6cd+dj0VpwljOn8AfO5w9lmZE6</latexit>



Method
• Multi-Agent Adversarial Inverse RL
• Maximizing the pseudolikelihood objective:

• By characterizing the trajectory distribution of LSBRE (Theorem 1), we
can optimize the following surrogate loss:



Method
• Multi-Agent Adversarial Inverse RL
• Practical MA-AIRL Framework

• Train the -parameterized discriminators as:

• Train the -parameterized generators (policies) as:

!
<latexit sha1_base64="3pc2gfJncb0B7g8IMiggP2o0O3o=">AAAB+HicbVDLSgMxFM34rPXRUZdugkVwVWZqQZcFNy4r2Ad0Ssmkd9rQZDIkGaEO/RI3LhRx66e482/MtLPQ1gOBwzn3ck9OmHCmjed9OxubW9s7u6W98v7B4VHFPT7paJkqCm0quVS9kGjgLIa2YYZDL1FARMihG05vc7/7CEozGT+YWQIDQcYxixglxkpDtxIIYiZhlAVSwJjMh27Vq3kL4HXiF6SKCrSG7lcwkjQVEBvKidZ930vMICPKMMphXg5SDQmhUzKGvqUxEaAH2SL4HF9YZYQjqeyLDV6ovzcyIrSeidBO5jH1qpeL/3n91EQ3g4zFSWogpstDUcqxkThvAY+YAmr4zBJCFbNZMZ0QRaixXZVtCf7ql9dJp17zr2r1+0a12SjqKKEzdI4ukY+uURPdoRZqI4pS9Ixe0Zvz5Lw4787HcnTDKXZO0R84nz8uwZNi</latexit>

max
!

E⇡E

"
NX

i=1

log
exp(f!i(s,a))

exp(f!i(s,a)) + q✓i(ai|s)

#
+ Eq✓

"
NX

i=1

log
q✓i(ai|s)

exp(f!i(s,a)) + q✓i(ai|s)

#

<latexit sha1_base64="W+IKNFZMnkevff4RkiEtOpr8Nk4="></latexit>

✓
<latexit sha1_base64="awNWjzbBKgs6iOFQku1bCtckQXU=">AAAB+HicbVDLSsNAFL3xWeujUZdugkVwVZJa0GXBjcsK9gFNKZPppB06mYSZG6GGfokbF4q49VPc+TdO2iy09cDA4Zx7uWdOkAiu0XW/rY3Nre2d3dJeef/g8KhiH590dJwqyto0FrHqBUQzwSVrI0fBeoliJAoE6wbT29zvPjKleSwfcJawQUTGkoecEjTS0K74EcFJEGY+ThiS+dCuujV3AWedeAWpQoHW0P7yRzFNIyaRCqJ133MTHGREIaeCzct+qllC6JSMWd9QSSKmB9ki+Ny5MMrICWNlnkRnof7eyEik9SwKzGQeU696ufif108xvBlkXCYpMkmXh8JUOBg7eQvOiCtGUcwMIVRxk9WhE6IIRdNV2ZTgrX55nXTqNe+qVr9vVJuNoo4SnME5XIIH19CEO2hBGyik8Ayv8GY9WS/Wu/WxHN2wip1T+APr8wdClJNv</latexit>

max
✓

Eq✓

"
NX

i=1

log(D!i(s,a))� log(1�D!i(s,a))

#

= Eq✓

"
NX

i=1

f!i(s,a)� log(q✓i(ai|s))
#

<latexit sha1_base64="caMlnMsnskftwwDDSiVTw28Kk4A="></latexit>



Experiments
• Policy imitation performance
• Cooperative tasks: cooperative navigation & cooperative communication,
• Use the ground-truth reward as the oracle evaluation metric.



Experiments
• Policy imitation performance
• Competitive task (competitive keep-away)
• “Battle” evaluation: we place the experts and learned policies in the
same environment; a learned policy is considered better if it receives a
higher expected return than its opponent.



Experiments
• Reward recovery
• Measuring the statistical correlation between the learned reward and the

ground-truth.
• A more direct evaluation in multi-agent system.
• Pearson‘s correlation coefficient (PCC): measures the linear correlation 

between two random variables.
• Spearman‘s rank correlation coefficient (SCC): measures the statistical 

dependence between the rankings of two random variables.



Experiments
• Reward recovery
• Cooperative tasks



Experiments
• Reward recovery
• Competitive task



Summary
• We proposed a new solution concept for Markov games, which
allows us to characterize the trajectory distribution induced by
parameterized rewards.
• We propose the first multi-agent MaxEnt IRL framework, which is
effective and scalable to Markov games with continuous state-action
space and unknown dynamics.
• We employ maximum pseudolikelihood estimation and adversarial
reward learning to achieve tractability.
• Experimental results demonstrate that MA-AIRL can recover both
policy and reward function that is highly correlated with the ground-
truth.
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