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MAIN CLAIM MPC exploration is useful; the bottleneck is bootstrapping the actor outside planner-data support. TD-M(PC)? constrains exploitation while leaving the planner free.
Abstract Architecture Average performance
Simplified from the paper abstract. TD-MPC latent world model learning, test-time MPC planning, and imagined rollouts. Main-paper aggregate across HumanoidBench and DMControl.
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Empirical signature. Value bias scales with action dimension: Dog-trot reaches 231%, hl1hand-run reaches
2,159%, and hlhand-slide reaches 746% under vanilla TD-MPC2.
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Measured as Vhat(s0) minus Monte-Carlo return under nominal t; TD-M(PC)?> moves high-DoF estimates closer to Monte-Carlo value.
Constrain exploitation; preserve exploration.
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