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b 0 | 3. Online adaptation: driving experience is used to Fig. 2. Value-guided planning framework. A pre-trained RL policy provides an actor (mg(s)) and
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Fig. 1 Traditional MPPI control often requires expensive computations.

optionally used to update the value function.
These create a bottleneck that limits the speed of the MPPI controller.
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* Table 1: Comparison of navigation performance across 64 randomly sampled start-goal pairs (unseen during training).

. Fig 2: Qualitative illustration of our algorithm’s ability to follow existing trails, which provide safer traversal than off-trail terrain.

. Fig 3: Comparison of pitch and vertical jerk violations across all 64 evaluation trajectories. Pitch violations exceed 0.4 rad (22.9 deg.). Vertical jerk violations exceed 10e-2 m/s3.
. Fig 4: (A) Training data coverage, (B) trajectories traversed by ours with online adaptation, (C) and (D) value estimates of the traversed terrain before and after online adaptation.
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