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NOTES

= To avoid gradient starvation, we balanced
vision and state latents as input to the GRU

called sim-to-real. Yet, sim-to-real remains
Inaccessible to the broader community due to a
dependence on expensive or proprietary
technology.

WheeledLab [1] has recently gained visibility [2]
as fully open-source pipeline for sim-to-real
reinforcement learning integrating low-cost
wheeled robots.
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Real-world deployment of the final policy with snapshots of the depth camera view
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