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TD-MPC 97.2 2.8 8.59 + 0.68 3.1 0.17 95.1 4.9 10.49 + 1.84 3.7 0.18
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ORCA reports zero collisions by design. “-” retained from source.
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- Channel-wise attention re-weights latent features in
| Joint latent the reward and value networks. The two heads have
Encoder [—» state = GRU 2. separate parameters.
Pedestrian zv = [2z:5z¢"]
p . - . -
states x, 3 through multi-step latent trajectories
L* * e * Repeat for multi-step prediction t=1s t—=3s t—5s t=7s t—9s t="11s

MANCHESTER Control Systems

1824 and Robotics
_ Group

The University of Manchester




	幻灯片 1


     p ^  t : t + H  c o l


  J


   J  t a s k


  a

