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Uncertainty-Aware Haptic
Shared Control [1]
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Uncertainty-Aware Haptic
Shared Control [1]

Please access it via the QR code (restricted access).

The video is available at the bottom of the
corresponding webpage, under “Supplementary ltems.”
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https://www.youtube.com/watch?v=YH1TrL1q6Po
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https://xtech.nikkei.com/atcl/nxt/column/18/02553/081800002/
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https://www.youtube.com/watch?v=f9Lh5vMRgq8
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