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Multi-agent reinforcement learning is an important way to solve the optimized decision-
making of complex intelligent systems.

, = e TR
Video Game Smart Logistics
Decision- Group .
: : : Gradients
Gradient making Intelligence ] Joint

|
State s - Action u Obs ol 1 Action u
——4 Agent |——' ot E= Agent1 [ ‘
Obs o} ( A > |
ERepIay —> [—Rep—J.ay == Agent2
Buffer Buffer Obs o7, Agent 3

A
(S¢, Ut) ( (S, 0¢,U)

| Env ]<— Env
Reward r; Shared Reward r; *

Single-agent Reinforcement Learning Multi-agent Reinforcement Learning

y N




Conference on Neural Information Processing Systems

The current offline policy generation methods use pessimistic estimation and conditional

seguence generation. However, they cannot find the correct answers through trial and
error like humans.
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To enhance response quality for decision-making problems, we can integrate multi-agent
reinforcement learning with offline policy learning in world models
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VisionSMAC: we convert the state into images and languages through a parser f,
decoupled from StarCraft, making it easy to create new contents
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Interactive Simulator: (1) Image Tokenize, (2) Dynamics Model, and (3) Reward Model.

Inference: Learning Policy in the Simulator
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Learning Policy in the Simulator
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@ Generate reward-free trajectory by interacting with the dynamics model
@ Generate reward for each state-action pair using the reward model
(@ Update agents using any off-policy MARL algorithm
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Table 1: Test win rates (%) and standard deviations compared with reward-free imitation learning

methods.

Map Name BC MA-AIRL MADT MAPT MA-TREX LBI

1c3s5z 16.444 1.35 7.88+ 2.49 61.35+ 7.26 7477+ 5.15 6476+ 11.62  94.59+ 3.41
10m_vs_11m 26194442  41.69+ 7.12 82.764 4.41 66.85+9.28 4878+ 1128  90.45+ 6.99
2¢_vs_64zg 1737+ 10.12 2475+ 10.83  61.90+ 5.74 58.28+ 7.84 2245+ 774 7144+ 8.83
3s_vs_5z 0.004 0.00 0.05+ 0.03 80.904 0.45 72334+ 393 5538+ 18.03  92.82+ 6.25
S5m_vs_6m 13.78+ 2.15 11.594+ 6.75 79,784 4.98 56.014+3.17  50.01+ 1487  87.98+ 5.10
6h_vs_8z 9.28+ 5.06 16474+ 8.08  30.94+ 2554  37.164+ 6.27 2838+ 531  66.61+4.57
3s5z_vs_3s6z  0.004 0.00 0.00+ 0.00 27.444 9.49 34.90+ 6.84 36.16+ 3.68  83.344+ 4.27
corridor 0.004 0.00 0.76+ 0.15 69.854+ 1.54 45914+ 1547  30.59+9.86  87.45 + 2.94
MMM?2 0.00+ 0.00 0.00+ 0.00 5434+ 12.83  19.21+ 5.59 21.52+ 6.58  95.96+ 4.65

Table 2: Test return and standard deviations compared with offline reinforcement learning methods.

Map Name BCQ-MA CQL-MA 1CQ OMAR OMIGA LBI

Sm_vs_6m  9.13+021 1015+ 0.15 947+ 045 876+ 052 1038+ 0.50  18.96+ 0.56
2c_vs_64zg  18.86+ 035 1920+ 125 18474025 17.10£0.94 19254+ 0.38  20.45+ 0.25
6h_vs_8z 11914+ 0.44 9954+ 032 1155+ 0.15 974+ 028 1274+ 021  18.97+0.28
corridor 16424+ 155  6.64+0.90 1674+ 1.78  8.15+0.89  17.10+ 1.33  19.50+ 0.73
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Table 3: Test win rates (%) and standard deviations on unseen tasks.
Unseen Task MADT MA-TREX LBI | Unseen Task MADT MA-TREX LBI
lc3s 16,21+ 538 2353 +£8.83 5647+ 5.63 1c2s7z 6.164 3.09 5.69+3.81 28.264 6.41
6m 49.284 4.06 37.12+£2.59 97.854+ 2.15 | 6m_vs_7m 73.45+7.22 32884447  81.07+5.17
lc_vs_32zg 2.08+ 1.51 11.41+£3.41 58.334+ 6.44 | 3sdz 90214+ 1.82  79.71+£3.56  87.554+ 1.76
3s2z_vs_2s3z 0.00+ 0.00 9.161+5.62 18.224+2.46 | 3s5z_vs_3s7z 10.21+ 3.66 15.88+4.34  22.084 7.63
1¢3s6z 16.41+ 6.44 58.094+3.41 65.384+5.12 | 9m_vs_lIm 76.44+4.17  7091+£6.95 7505+ 2.16
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Table 4: The ablation results for the dynamics
model without residual term (wo-RT), image
reference (wo-IR), and using ground-truth im-
age (GTI) as the reference for state prediction.

Algorithm Prediction error Return (all)
LBI 0.016 = 0.023 1891 £+ 1.33
LBI-GTI 0.014 = 0.018 18.98 £+ 0.89
LBI-wo-RT 0.434 £+ 0.351 14.25 4+ 1.84
LBI-wo-IR 0.029 + 0.041 18.63 £+ 1.01
LBI-wo-RT&IR 0.744 = 1.164 12.13 +2.33
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Table 5: The ablation results for the reward model
without reward constraint (wo-RC), behavior regu-

larization (wo-BR), and using ground-truth rewards
(w-GTR) provided by the SMAC benchmark.
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Algorithm Return (training) Return (unseen)
LBI 19.474+ 0.77 18.54 + 1.49
LBI-GTR 16.68 £+ 1.55 14.07 + 2.79
LBI-wo-RC 17.85 + 0.59 14.75 £+ 1.67
LBI-wo-BR 18.82 £+ 1.28 17.46 £ 2.01
LBI-wo-RC&BR 12.35 +2.38 0.83 + 1.46
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